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The recent intense media coverage on food frauds has heightened fears and 
concerns among consumers. Instead of detecting specific compounds to assess 
food quality and safety, fingerprinting with chemometric techniques was applied 
for the identification and detection of adulteration in oils and fats, as well as herbs 
and spices using nuclear magnetic resonance (NMR) spectroscopy and gas 
chromatography mass spectrometry (GC/MS) in this thesis. Principal component 
analysis (PCA) of both techniques showed excellent differentiation between 
different types of oils and fats, as well as herbs and spices. Partial least squares-
discriminant analysis (PLS-DA), on the other hand, has demonstrated good 
classification for both types of samples. The supervised models with predictive 
ability had the potential to be a useful tool for establishing databases for quality 
control of oils and fats and herbs and spices. NMR and GC/MS data with partial 
least squares (PLS) models were also applied to detect lard and beef tallow spiked 
into canola oil. The models could detect adulteration of as low as 5% (w/w) of 
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1.1 Food authenticity and safety- historical background  
Food authentication is defined as a process in which food is verified to 
have compiled with its label description.
1
 Food authenticity includes several 
aspects such as determining the 1) identity of the food product, 2) presence of 
economic adulteration of higher value food, 3) mislabeling of the food products in 
terms of geographic, botanical or species origin, 4) presence of non-compliance of 
the legislative standards and 5) implementation of illegal food processing 
practices such as irradiation.  The detection of food fraud is also an example of 
food authentication. Food fraud refers to the deliberate addition and substitution 
of food, produced for consumption, with extraneous materials for financial gain 
and with the intention of deceiving the consumers.
2
  
In the 1820s, Frederick Carl Accum wrote a Treatise on Adulterations of Food 
and Culinary Poisons to expose some of the illegal practices such as addition of 
water into wine, beer, brandy and custards.
3
 Table 1.1 summarizes the adulterants 
that are discovered in food in the 19th and 20th century: 
4
 In the early days, used 
tea leaves were recycled to maximize profits especially with the popularity of tea 
and coffee in United Kingdom. They were boiled with copper sulphate and 




copper acetate), logwood or carbon black, before being resold.
5
  Besides tea, 
children were not spared as poisonous mercury salts were added to increase the 
brightness in sweets and jellies. 
 
Table 1.1 Some of the adulterants detected in the 19th and 20th century. 
Food Adulterants 
Pickles  Copper salts 
Pepper, cayenne Lead tetroxide 





 Mustard husks , pea flour, leaves twigs, stalks 
Milk Water, chalk, starch, gums, preservatives, glucose, dextrin, 
gelatin, formaldehyde 
Wine Water 
Beer  Strychnine, extracts of Cocculus indicus 
Tea Leaves of other plants, spent tea leaves 
Vinegar  Sulfuric acid; tin and lead from pewter vessels 
Bread Alum, flour made from other products than wheat 
Butter Borax 
Maple syrup Cane sugar 
Candy Lead chromate 
Olive oil Cottonseed oil,  lead from press 
Honey Glucose 
 
Because of these reports, the first food adulteration act was implemented 
in the 1860s. The Margarine Act of 1887 and the Food Adulteration Act of 1899, 
for instance, were implemented later to handle the food safety issues. 
International organizations such as Food and Agricultural Organization (FAO) 




address the food authenticity, quality and safety issues, in view of the need to 
protect the well-being of the consumers as well as to ensure that they have regular 
access to high-quality food.
6
 Besides the continuous efforts of these organizations, 
the regulatory bodies in each country also play active roles in ensuring the 
authenticity of food through local regulations adopted or modified from the 
guidelines provided by WHO, FAO and CODEX. The effort of the local 
authorities are further exemplified through the introduction of terms, such as 
protected designation of origin (PDO), protected geographical indicator (PGI) and 
traditional specialty guaranteed (TSG), on food labels to differentiate the quality 
of agricultural food products and food processes based on geographic origin by 
the European Union.
7
 The enforcement of such classification is to protect the 
product name from imitation and unfair competition from dishonest 
manufacturers.
8
 Furthermore, these policies also guarantee the quality of the food 
products purchased by consumers and maintain consumer confidence in the 
market.     
Since the ability to detect and quantify the presence of impurities, 
contaminants, and food adulterants was essential for the successful development 
of food protection legislation, Codex Alimentarius Commission (CODEX) was 
formed in 1963 as a joint collaboration between FAO and WHO.
9
 CODEX 




wide variety of  food products such as ginseng, canned salmon and vegetable oils, 
spurring the development of new analytical methodologies.
10
   
 Despite the efforts to protect the health of consumers, some of the 
unscrupulous manufacturers still attempt to maximize their profits through food 
frauds. With the ever rising cost for manufacturing and manpower in most 
industrialized countries, the food industries’ profit might reduce; driving these 
manufacturers to use deceitful practices to increase their profit margin. Some of 
the adulterations include the use of cheaper substituents or the addition of illegal 
additives to improve the physical appearance of the food.
4b
 One recent example is 
the addition of melamine which is used as a plasticizer, to mimic high quality 
protein in infant milk formulation. Traditionally, protein content in milk is 
analyzed based on the total nitrogen content via the Kjeldahl method, thus the 




With the advancement in technology and knowledge, traditional food 
safety intervention, which focused on the detection of known harmful 
contaminants such as pesticides, might not be effective.
12
 The perpetrators may 
resort to the use of adulterants, which are not listed among the conventional food 
safety contaminants to maximize the profits and reduce the possibility of the 




were used to manufacture fake eggs
13
 and  the mixing of “recycled buns” (stale 
buns which have expired) with  fresh dough were also reported to pass them off as 
fresh buns.
14
 Other economically motivated food frauds include the addition of 




With these increasing trends of spiking or substituting new and unknown 
adulterants, it is becoming increasingly challenging for the local regulatory 
authorities and manufacturers to assess the food quality and authenticity of large 
volumes and variety of food within a short period of time. These tasks become 
progressively demanding especially in countries like Singapore where land is 
scarce and millions of tons of food are imported and exported in order to meet the 
needs of the people.
16
 Therefore, the authorities have to keep improving their 
analytical technology. Subsequently, new, rapid, as well as sensitive methods 
have to be constantly developed to meet the demands and be prepared for the 
unanticipated as the traditional method of testing might not be sufficient. 
 
1.2. Metabolomics: an alternative for quality assessment of food 
With increasing urbanization and globalization, food products are 
commonly traded. Consequently, this increases the workload of local authorities 
due to the need to perform inspections on large volumes of food imported within a 




food to be analyzed, conventional or classical methods such as peroxide and acid 
value of oils and fats  are too time consuming and cumbersome for assessment of 
the food quality, safety and authenticity. On the other hand, the quantification of 
specific food metabolites with standard calibration curves constructed from the 
analysis of purchased pure standards and metabolites isolated from food, were 
usually employed to assess the food authenticity and quality. However, these 
methods may not be sufficient for the detection of adulterants in food since these 
analytical methods are usually developed to detect specific and known 
metabolites from food. These methods may overlook the detection of unsuspected 
adulterants. 
Metabolomics, which has been extensively applied in the development of 
biomarkers for diseases diagnosis such as in ovarian cancer
17
 and heart disorder 
(myocardial ischemia)
18
 as well as in disease prevention, emerged as a promising 
alternative.
19
 It is a new field of ‘omics’ that identifies and quantifies all 
metabolites in a non-biased manner.
20
 In this approach, the sample preparation is 
kept to a minimum to avoid isolating out metabolites of concern. Consequently 
this allows the study of the whole metabolite profile so as to have a more 
comprehensive understanding of the underlying biological systems. Both sample 
preparation and data acquisition aim to include all classes of compounds, while at 




The selectivity and sensitivity of the analytical technique must be high for the 
study of small molecules in a system.  
Metabolomics is typically divided into targeted and non-targeted analysis 
depending on the interest of the user.
21
 In targeted analysis, a specific class of 
compounds such as fatty acids, steroids and sugars are identified and quantified 
based on a priori knowledge of the samples.
22
 It requires purification procedures 
and selective extraction of the metabolites. In contrast, untargeted or 
comprehensive metabolomics focuses on the detection of as many groups of 
metabolites as possible to obtain patterns or fingerprints without necessarily 
identifying or quantifying a specific compound.
21
 
It is also further categorized into profiling and fingerprinting. Metabolite 
profiling which is similar to targeted analysis is restricted to the identification and 
quantification of a selected number of pre-defined metabolites in sample.
23
 
Sample preparation and clean-up are conducted based on the chemical properties 
of these compounds so as to reduce sample matrix effects. According to Fiehn et. 
al., metabolite fingerprinting is an analytical procedure utilized for the rapid 
classification of samples based on classes or biological relevance.
24
 This 
technique does not require the determination of all metabolites in order to 
maintain a high throughput of analysis.  
WHO and Food and Drug Administration (FDA) have already 




tradition herbal medicines (TCM).
25
 Other research programs such as the 
Metabolomics for Plants, Health and OutReach (METHA-PHOR) initiative are 
applying metabolomics for various food related applications, which includes the 
determination of the geographic origin of wine, botanical origin of plants and 
authenticity of fruit juices.
25
  
Generally, food is a complex matrix consisting of various chemical compounds in 
the form of solid, liquid or semi-solid.
26
 The diversity and level of abundance of 
the chemical constituents in food can affect not only the quality but also the 
sensory properties. Hence food metabolomics is advantageous as the variation in 
the number and chemical abundance of chemical constituents is taken into 
consideration with different analytical techniques. This permits simultaneous 
characterization of a large number of chemical constituents in food matrices and 
hence, provides the opportunity to acquire a more detailed and comprehensive 
molecular picture of food composition.
26
 In other words, with the development 
and acceptance of metabolomics, the study of many aspects of ‘‘molecular 
nutrition’’, which includes food quality, authenticity detection, food consumption 
monitoring
27
 and physiological monitoring in food intervention
28
 or diet challenge 







1.3. Workflow of food metabolomics  
Some of the processes involved in food metabolomics include sample 
preparation, analysis of samples and data processing. Figure 1.1 graphically 
represents the workflow of a metabolomics studies.
29
 The objective of the project 
such as the determination of the geographic origin or the vintage of the wines is 
first defined. The experiments are conducted taking into account the sample size, 
time, information and the availability of analytical platforms. In addition, the 
protocols required for sample handling, integrity and clean-up should also be 
considered such that there is minimal variation or error which may result in 
irreproducible data. In the following section, each of the process in the workflow 
is further elaborated. 
 
Figure 1.1 An example of a workflow used in food metabolomics. 
Research objectives 
Design the experiments 
Data acquisition through 
separation or detection 
methods 







1.3.1. Analytical techniques applicable for data acquisition in food 
metabolomics 
One important criterion that affects the choice of the analytical platform is 
the ability of the technique to acquire characteristic spectrum or chromatogram 
suitable for the discrimination or classification of the samples. Some of the 
approaches adopted in food metabolomics include polymerase chain reaction 
(PCR) based techniques, chromatographic and spectroscopic techniques. 
PCR
30
 based techniques are usually employed for the differentiation of 
animal species with the use of deoxyribonucleic acid (DNA). Some of these 
techniques include restriction fragment length polymorphism
31
 and random 
amplified polymorphic DNA
32
. Generally, the DNA degrades when the food is 
heated to above 100 C, leaving fragments of less than 200 base pairs.33 The 
drawbacks of these techniques include the difficulty involved in the extraction of 
DNA from highly processed food and the optimization of DNA extraction of 
different types of food. In addition, the identification of species has to be 
compared to the standards that belonged to the authentic plant or animal species. 
However, the standards may be in mixture or have degraded, resulting in false 
positive or negative results especially in highly processed food.
34
 
Instead of using PCR approach, the food constituents can be analyzed by 






 Chromatographic separations such as high performance 
liquid chromatography (HPLC), ultra-performance liquid chromatography 
(UPLC), gas chromatography (GC) and capillary electrophoresis (CE) enable the 
detection of food constituents such as peptides, amino acids,
35
 nucleic acids, 
carbohydrates, organic acids
36
, vitamins, polyphenols, alkaloids and minerals in 
food metabolomics studies.  
Some of the separation techniques are coupled with detection methods, 
which include mass spectrometry (MS), nuclear magnetic resonance (NMR) 
spectrometry and near infrared (NIR) spectrometry, are applied for assessing food 
authenticity. These various spectrometric detection methods can also be used to 
analyze samples directly without clean-up for samples with relatively clean 
matrices. Examples of these detection methods include spectroscopic techniques 
such as infrared and Raman spectroscopy, which are well-used by the industries 
because of the ease of sample preparation, non-destructive to sample, short 
analysis time and high sample throughput.
37
 NIR spectroscopy measures the 
spectral range from 14,000 to 4000 cm
-1
, which offers more complex structural 
information related to the different vibrational behavior of the bonds. Some of the 
information includes the overtones and combination bands of vibrational 
transitions of the molecules like hydroxyl, amine, carbonyl and alkyl groups. NIR 
spectroscopy, for example, has been successfully evaluated to determine as low as 




6900 to 6780 cm
-1
 which was attributed to the aromatic amine.
38
 Despite the 
successful applications in food authenticity, the color, surface and degree of 
roughness of the food samples can influence the infrared absorption spectra of 
sample resulting in poor reproducibility or spectral resolution.
34
  
Currently, NMR and hyphenated methods are widely used analytical 
platforms in the studies of food metabolomics. NMR, which has been traditionally 
perceived as a tool for structure verification, elucidation and purity analysis, has 











 and dairy products
44
 for the classification of geographical 
origin of food product, determination of the botanical origin of plants and 
distinguishing products from different animal species. Spraul et al., for instance, 
has reported the application of NMR for targeted and untargeted analysis in the 
discrimination of several types of fruit juices such as lemon, grapefruit, black 
currant and peach.
45
 Besides the application of proton (
1
H) NMR, other nuclei 
such as carbon-13 (
13
C) and phosphorus-31 (
31
P) have also been employed. 
Nevertheless, 
1
H NMR is generally preferred because of it high sensitivity and 
abundance compared to other nuclei.  
1
H NMR involves the analysis of the energy absorption by an atomic 
nucleus with non-zero spin in the presence of a magnetic field. The energy 
absorption of the atomic nucleus is affected by the nuclei of surrounding 






 Detailed information about the molecular structure of a food sample can 
be observed from the NMR spectrum since the spectrum depicts the observed 
interactions of an individual atomic nucleus with the atoms surrounding it. The 
chemical shifts of the resonances are influenced by the applied field strength. For 
nucleus which is less shielded, it requires a lower applied magnetic field for 
resonance to occur and therefore absorbs on the upfield side of the chemical shift 
(from 0 ppm onwards). Conversely, the proton chemical shift moves downfield 
with the attachment of electronegative functional groups. For instance, the proton 
shifts from 4.26 ppm to 2.19 ppm comparing fluoromethane (CH3F) to 
iodomethane (CH3I).
47
 Thus, structural information and quantitative data can also 
be acquired from the NMR spectra.
48
 However, in certain circumstances, 
1
H NMR 
spectrum cannot provide sufficient information independently for full 
characterization of chemical constituents. This is true for analytes containing 
functional groups that are deficient in protons or when the protons undergo 
chemical exchange readily with the deuterated solvent. One example is the 




Besides being able to provide qualitative information of an analyte, the 
intensity of the NMR signals can also be used to correlate with the compound 
abundance for quantification even in complex mixture.
50
 For instance, the 
quantification of organic acids in beer
41a
 and apple juice 
42, 51




one to understand the organoleptic properties of the products, is also plausible 
with NMR. Several notable advantages of the NMR system include the ability of 
handling high throughput (a 
1
H NMR analysis can be completed within a few 
minutes depending on the number of scans), excellent reproducibility and 
repeatability 
52
 as well as minimal sample preparation. In addition, the spectra are 
reproducible even between different instruments of the same field strength for the 
same NMR based techniques. 
52
 However, the detection limit of the NMR for 
various food constituents range only from millimolar levels and above such that 
constituents that exist in trace levels may not be detected.  
Because of the limitations of NMR in terms of sensitivity, mass 
spectrometry (MS) which is considered a complementary technique to NMR has 
also emerged as an alternative analytical method in metabolomics. The mass 
spectrometry is a collection of diverse analytical methods which are broadly 
classified as 1) those that measures the samples directly and 2) hyphenated 




Food constituents have to undergo ionization initially in order to be 
detected. MS is a mass selective detector which provides highly specific chemical 
information including molecular mass and/ or characteristic fragments that are 
related to the chemical structure.
54
 This valuable information is critical for 




compiled in libraries from authentic standards. Moreover, the fragmentation 
information can be acquired even from trace levels of food constituents. Some 
examples of direct analysis in MS include direct infusion mass spectrometry 
(DIMS), Fourier transform ion cyclotron resonance (FT-ICR), desorption 
electrospray ionization (DESI) and extractive electrospray ionization (EESI). 
Direct infusion mass spectrometry, for instance, is the direct analysis of the 
samples without any separation through electrospray ionization.
55
 It is a highly 
sensitive and high throughput method. The speed of analysis is similar to NMR, 
but better sensitivity is achieved. However, this technique is susceptible to 
ionization suppression, which arises from competitive ionization with other 
compounds in the matrix such as ionic compounds (salts) and organic acids or 
bases.
54
 Sample preparation techniques such as liquid-liquid extraction are 
required in order to minimize the ion suppression effects. Another drawback of 
using MS for direct analysis is the inability to differentiate between isomeric 
compounds based on accurate mass alone.
54
 However, techniques such as 
nanospray ionization and FT-ICR mass spectrometer can solve these limitations.   
Hyphenated methods such as liquid chromatography mass spectrometry 
(LC-MS),
56
 gas chromatography mass spectrometry (GC/MS)
57
 or capillary 
electrophoresis mass spectrometry (CE-MS)
58
 can  identify or detect more food 
constituents or metabolites as compared to NMR and MS techniques. The 




characterization and differentiation of large amounts of metabolites including 
isomers.
59
 In addition, separation techniques reduce the incidence of ionic 
suppression caused by matrix compounds since less of such compounds enter the 
MS. Moreover, with the usage of single ion monitoring (SIM for GC/MS) and 
multiple reaction monitoring (MRM for LC/MS/MS), better sensitivity and 
specificity as well as good dynamic range can be attained.
59
  
LC involves the separation of metabolites based on their difference in 
affinity between the stationary phase of the column and the mobile phase. 
Generally, LC techniques are more suitable for the thermally liable compounds as 
the LC operates at lower temperature than GC.
47
 Electrospray ionization (ESI) is 
the common mode of ionization for LC/MS method analyzing non-volatile 
analytes. Since ESI is a soft ionization technique, little fragmentation occurs such 
that the molecular ion can still be observed in the mass spectrum. Hence this 
makes ESI suitable for structural elucidation. Besides ESI, other ionization 
sources include atmospheric pressure chemical ionization (APCI) and 




Different information can be obtained depending on the mode of operation 
of the LC/MS. For example, multiple reaction monitoring (MRM) approach is 
applied for targeted metabolomics. However, the number of MRM transitions set 




to monitor all the MRM required.
61
 Sufficient dwell time has to be selected in 
order to have enough data points for each chromatographic peak. The drawback 
of using MRM is that food constituents that are vital for classification of the 
samples maybe missing in MRM mode despite having a shorter analysis time. On 
the other hand, scan mode of analysis is well suited for untargeted metabolomics. 
Unlike LC/MS, GC/MS is the method of choice for volatile and thermally 
stable compounds.
47
 Hence, chemical derivatization is required to convert the 
non-volatile and polar analytes such as acids, amino acids, amines, amides to 
volatile compounds. GC/MS is a robust technique which combines the high 
separation efficiency and the resolution of the capillary column as well as the high 
sensitivity and mass selectivity of the MS. The sample vaporizes due to the high 
temperature in the injector port upon injection of the sample in the GC/MS.
62
 Inert 
carrier gases such as helium, nitrogen or hydrogen will carry the gaseous sample 
through the column to the detector. The type of carrier gas utilized is dependent 
on the type of detector. The separation of the analytes is determined by the 
distribution (partitioning) of each analyte between the mobile phase (carrier gas) 
and the stationary phase. The order of elution of the analytes is affected by several 
variables such as the polarity of the analytes and column and the boiling point of 
the compound.
47
 For instance, the non-polar compounds will retain strongly on 
the non-polar stationary phase such as dimethylsiloxanes and separate based on 




GC/MS utilizes electron impact (EI) which is a ‘hard’ ionization method 
to produce ions for mass analysis. Electrons are emitted from the heated tungsten 
or rhenium filament and accelerated at a potential of 70 eV that is impressed 
between the filament and anode. When the energetic electrons approach the 
molecule at close proximity, the molecule loses an electron by electrostatic 
repulsion forming a singly charged positive ion. 
47
 Similar to LC/MS, both 
qualitative and quantitative analysis can be acquired from GC/MS depending on 
the mode of operation. Unlike the mass spectra obtained in LC/MS, the 
fragmentation is so pervasive after ionization in EI of GC/MS that no molecular 
ion can be observed.
60
 Despite this, confirmation by GC-MS has been widely 
applied. The identification of metabolites is also highly supported by the 
abundant, valuable information contain in the EI-MS spectra and by automated 
searching of standardized libraries such as the National Institute of Standards and 
Technology (NIST08) library (http://www.nist.gov/srd/nist1a.htm).
63
 The library 
consists of a total of 220,460 EI spectra available for spectra matching. This 
confirmation is normally accepted as an ultimate confirmation, due to the large 
amount and the good quality of the information obtained. 
60
 
In contrast, the identification of LC/MS via libraries such as METLIN is 
challenging due to the different instrumental designs and parameters, resulting in 
different fragmentation patterns in the mass spectra.
64
 Evan and co-workers 




time, mass-to-charge and MS/MS spectra.
61
 However, these libraries are only 
applicable to the system with same configuration. For LC/MS, different 
metabolites may be identified from the same samples when a different LC/MS 
system is used.
65
 Hence, the differences in the fragmentation pattern obtained 
with different instruments actually deter the possibility of establishing the 
libraries. Without the use of a library, the identification of metabolites in LC/MS 
usually requires the coupling of relatively expensive mass analyzers such as 
Orbitrap and time-of-flight, which provide either the accurate-mass fragments or 
tandem MS data for the structural elucidation.
66
  
Table 1.2 summarizes some of the advantages and disadvantages of the 
commonly used analytical approaches in metabolomics which was 
aforementioned.
26
 Regardless of the analytical methods employed, it is not 
possible to identify or quantify all the compounds with a single analytical 
platform
22
 due to the limitation of each analytical method. Another challenge is 
that food is usually composed of diversified chemical constituents of various 
concentration range and chemical properties making it impossible to detect all 
compounds with a single technique. Therefore, in some cases, comparison studies 
were conducted to investigate which analytical method was suitable for food 
metabolomics.
67
 Other authors have also explored the use of data fusion which 
involves the combination of data from two complementary techniques to identify 







Table 1.2 Comparison of different metabolomics technologies. 
Analytical 
methods 
Advantages  Disadvantages  
NMR -Compatible with liquids and 
solids 
- Non-destructive to sample 
- Fast 
-Requires no derivatization and  
separation 
- Detects all organic classes 
-  provide the possibility of 
identifying novel chemicals 
- Quantitative 
- Robust and reproducible 
 
-limited sensitivity 
- Expensive instrumentation 
- Cannot detect salts ,inorganic 
ions and non-protonated 
compounds 
-Requires longer time/ larger 
sample volume of  
approximately 0.5 mL 
GC/MS -Robust, mature technology 
-Relatively inexpensive 
compared to NMR and LC/MS 
-small sample size   
-Good sensitivity 
-Excellent separation  
-Quantitation with the 
construction of  calibration 
curve 
- libraries such as NIST are 
available for identification of 
compounds 
- Detects most organic 
molecules 
- good reproducibility 
-Sample are not recoverable 
-Requires sample derivitization 
for non-volatile compounds 
-Requires separation 
- longer analysis time typically 
20-30 min/sample 
 
LC/MS -good sensitivity 
-Detects most organic 
molecules 
-Minimal sample size 
requirement 
-Can be done without 
separation (direct injection) 
-Has potential for detecting 
largest portion of compounds 
-Sample not recoverable 
-Not very quantitative 
- Expensive instrumentation 
-Slow (20-30 min/sample) 
-Poor separation resolution and 
reproducibility (vs. GC) 
-Limited libraries for 







1.3.2. Data processing 
The analytical method utilized for pattern recognition studies is assumed 
to have good reproducibility, accuracy and precision regardless of the type of 
analytical platform. One of the greatest challenges in metabolomics is to achieve 
high-throughput conversion of these datasets into organized data matrices 
necessary for further statistical processing, as well as visualization. With the vast 
amount of raw data, which consists of a few thousand data points per spectrum or 
chromatogram, it becomes an arduous task to classify the data visually. Hence, 
the applications of multivariate data analysis that include mathematical and 




 Pre-processing and pre-treatment are the processes required in data 
handling to convert the data to the appropriate format. The main objectives of data 
pre-processing is to convert the spectrum or chromatogram into relevant 
information and summarize it into a single table suitable for multivariate data 
analysis.
70
 On the other hand, pre-treatment involves transformation of the clean 
data such that they are ready for multivariate data analysis.
71
  
The pre-processing procedure varies depending on the analytical 
technique.  For example, the pre-processing of the NMR data is usually 




baseline correction, Fourier transformation, referencing to an internal standard as 
well as binning.
65
 Binning offers a rapid, consistent and automatic method to 
reduce the number of variables automatically, reducing the computer memory 
required for chemometric studies.
72
 Binning or bucketing involves segmentation 
of the spectrum to regions of defined width known as bins.
45
 The peak heights or 
area in each bin is summed up to obtain a series of numerical descriptors which 
consists of the chemical shifts and intensity within the region. Bin sizes between 
0.01 to 0.04 ppm provides a good compromise between spectral resolution and 
positional variation of resonances.
73
 Binning also help to reduce the pH- induced 
changes in the chemical shift as the summation of the peak area is obtained within 
a specific region.
72
 Normalization of peak intensity with respect to internal 
standards can also be employed to remove or minimize the error that occurs 
during sample preparation. 
Unlike NMR preprocessing of data, the raw chromatograms of hyphenated 
methods composed of ion intensities summed for a given mass-to-charge (m/z) at 
a specific retention time, giving 2 dimensional data, from retention time and 
m/z.
74
 GC/MS, for instance, uses the EI with quadrupole mass analyzer to give 
unit resolution in the m/z dimension. The data from hyphenated techniques 
undergo filtering, feature detection, alignment and the normalization of data.
29
 
The filtering process suppresses or removes the random analytical noise and 




detection of features utilizes the peak height or area to estimate the concentration 
related to the m/z at a specific retention time. Subsequently, the alignment 
analyzes the difference between the samples by one to one comparison between 
the variables of different samples. Lastly, the normalization of data aids in the 
removal of the systematic error or discrepancy in the ion intensities that occur 
during extraction and analysis. In some cases, the chemical constituents are 
normalized to an internal standard. 
The data pre-treatment of the spectroscopic and chromatographic 
techniques involves centering and scaling of the data.
76
 Centering converts the 
concentration of all chemical compounds near to zero instead of the mean of the 
compounds. It adjusts the differences in the offsets between high and low 
abundant metabolites. Scaling, on the other hand, is the division of each variable 
with a factor which is different for each variable.
77
 Some examples of scaling 
include autoscaling (unit variance), and pareto scaling which utilize the standard 
deviation as the scaling factor. The data are subjected to multivariate data analysis 
after data processing and pretreatment. 
1.3.3. Multivariate data analysis 
  The output table obtained after pre-processing is in the matrix of 
dimension I (number of samples) * J variables where I is much smaller than J. 
This is common in most studies as hundreds to thousands of chemical compounds 




highly correlated and is likely to describe a single chemical compound based on a 
combination of variables. 
78
 Information may be overlooked and this increases the 
risk of false positives using traditional approach, which is univariate analysis that 
records only one measurement per sample.
65
 
 Since metabolomics data are multivariate, multivariate data analyses 
which include chemometric techniques have been developed for the interpretation 
or visualization of the variables simultaneously. They are classified into two 
categories: 1) unsupervised models and supervised models.
79
 Unsupervised 
models are used to analyze data without a priori knowledge of the sample identity 
or type.
80
 The typical unsupervised models include principal component analysis 
(PCA),
81
 k-means clustering, hierarchical clustering and self-organizing maps.  
 PCA, for example, is one of the first models, which is applied before 
using supervised models. It is a broadly used technique that reduces the data 
dimensionality, allowing the visualization of data while retaining as much as 
possible the information present in the original data.
79
 The model provides an 
overview of the data through visualization of the similarities and differences 
between the observations, revealing graphical clustering and the detection of the 
outliers before using other models. PCA projects from the data matrix X which 
consist of I rows (samples) and J columns (variables) into a score vector T (I x A), 








            (1) 
where   = score vector summarizing the X variables, P = loading vector showing 
the influence of the variables on the projection model. A= the principal 
components. The residual matrix E is usually very small as it consists of mainly 
measurement and sampling noise. The graphical representation of the PCA is 
shown in Figure 1.2. 
 
Figure 1. 2 The principal component axes defining a new set of vector for 




Each PC is a linear combination of the original variables.
78
 Generally, the 
number of significant PCs will always be smaller than the number of variable 
(column) or sample (rows) in the raw data. The number of significant PCs is 
dependent on the eigenvalues of the variance –covariance matrix which 




(PC). The significant PCs are usually the first few PCs which have larger 
variance. For example, the first PC is formed by determining the direction of 
largest variation in the original measurement space of the data and modeling it 
with a line fitted by linear least squares, passing through the center of the data. 
84
 
In addition, it usually conveys the most information for the explanation of the 
class separation. The successive PCs will explain less variance as each succeeding 
variance is capturing the variance in residuals that are left behind by all of the 
predecessor PCs.
85
 PC2, for instance, lies in the orthogonal direction of PC1, 
explaining the next highest variance. 
The equation (1) can be represented as score plots and loading plots. 
Plotting the score plots against each other with color codes helps to elucidate 
relations between observations and how these are connected and grouped.
81
 On 
the other hand, the loading plots show the variables corresponding to food 
constituents, which affect the relations in the score plots. In addition, the 2 plots 
of the same PCs can be superimposed to form a biplot which will often reveal 
which observations are connected to which variables. 
Unlike unsupervised models, supervised models use the class membership 
or identity (Y) to construct a predictive model from the training set.
79
 Some 
examples of the supervised model included soft independent modeling of class 
analogy (SIMCA),
84
 partial least squares (PLS) regression,
86
 orthogonal 
projections to latent structures discriminant analysis (OPLS-DA),
87




squares discriminant analysis (PLS-DA),
88
 random forests, support vector 
machines (SVMs)
89
 and k-nearest neighbour algorithm (kNN).
84
 The choice of 
some techniques is influenced by the objective sought in the data analysis and on 
the type of dataset. 
SIMCA, for instance, is a classification method based on PCA describing 
the class structure of a data set. In SIMCA, a separate PCA is performed for each 
class such that sufficient PCs are calculated to explain the variance of each class 
(Figure 1.3).
90
 Thus, the achievement of maximum class separation is not 




Figure 1.3 The SIMCA model which consists of disjointed PCs that is fitted to 
the homogenous class of similar observation. The ‘cylinder’ indicated the volume 
spanned by each class. Unknown samples are classified as that group identity if 





The variation which is not explained by the PC is known as residual 
variance. The residual variance of a sample with the average residual variance of 
those samples that make up the class is compared using F- statistics during 
classification in SIMCA. The F-statistics compute an upper limit for the residual 
variance of those samples that belong to the class, with the final result being a set 
of probabilities of class membership for each sample. The region permitted is 
segmented by the ‘cylinder’ which is built around the training set.  The sample 
will belong to a certain class if it falls within the region.  
There are several advantages in using SIMCA to classify data.
84
 First, an 
unknown sample is only assigned to the class for which it has a high probability. 
If the sample’s residual variance exceeds the upper limit for every class in the 
training set, the sample would not be assigned to any of these classes because it 
might be an outlier. 
PLS was introduced in the 1960s by Harald Martens to model the relation 
between concentration, c or the experimental information (x).
77
 PLS finds the 
variable that maximizes the value of x
2
, xc, or the square of the modeled 
experimental data or variance. The PLS is presented into 2 equations: 
87
 
              (2) 
              (3) 
where   = experimental measurement and c = concentration, T = score vector 




the variables on the projection model (A x J), q = loading vector showing the 
influence of the variables on the projection model ( J x 1) and E = residual matrix 
of X and f = residual matrix of c.  
Initially, the PLS model was built for regression studies such that 
quantitative answer is achieved. For instance, the quantification of different edible 
oils adulterated in extra-virgin olive oil
91
 and the amount of sucrose in orange 
juice
92
 were determined using PLS. PLS was subsequently used for discriminant 
analysis, PLS-DA, which is a supervised pattern recognition model. In this model, 
the vector c contains a number which is a label for the class to which the samples 
belong to. The main advantage of PLS-DA is the flexibility, especially when 
coping with metabolomics data where the number of variables is much greater 
than the samples.
80
 PLS-DA enhance the separation between groups of 
observations by rotating PCs, which is similar to that of PCA.
26
 The difference 
between PLS-DA and PCA is the requirement of class identifier. Unlike the PC1 
in PCA which explained the largest variance, the PC1 in PLS-DA account for the 
maximum separation among the classes which might not coincide with the plane 
that has maximum variance.
90b
 In PLS-DA, the X data matrix consists of the 
variables while a Y matrix which is a series of dummy variable in binary code, 
representing the class identity.  The model maximizes the co-variance between the 
X and Y matrix and permits the interpretation of the variables that results in the 






 When the observation within each class is “tight” and occupies a 
small separate volume in X space, a discriminant plane is formed such that the 
observation can be separated according to the class. The observation with ‘1’ for 
the particular class it belongs to and ‘0’ to the rest were most likely belongs to the 
member of that particular class during prediction of unknown samples. 
Unlike PLS-DA, OPLS-DA removes the systematic variation from X that 
is not correlated and orthogonal to Y.
87
 The main benefit of OPLS-DA compared 
to PLS-DA is the former model facilitates the interpretation of the results by 
removing the non-correlated variation, resulting in more information being 
extracted from the data. OPLS-DA decomposes the X matrix into three terms as 
described in equation (4):
87
 
      
      
      (4) 
where    denotes the predictive score matrix for X,    denotes the predictive 
loading matrix for X,     represents the corresponding Y-orthogonal score matrix,  
   denotes the loading matrix of Y-orthogonal components and    denotes the 
residual matrix of X . 
Classification by the model is achieved in 2 steps. Firstly, the Y-
orthogonal variation is removed from the data matrix in equation (3)
87
 where    is 
the Y-orthogonal score matrix for X and    is the Y-orthogonal loading matrix. 
          




Secondly, the predicted Y -matrix, Yhat, is estimated using the updated    and the 
predictive components from OPLS-DA model which are estimated from the 
training set. 
 In supervised models, training sets usually provide good prediction but it 
might not be applicable to unknown samples. Without proper validation, the risk 
of over-fitting is very high for many methods when used aggressively.81 Three 
approaches namely 1) test set validation 2) cross validation or 3) bootstrap has 
been used to validate the models constructed from training set.
77
 In test set 
validation, the samples are split into training set and prediction set. After model 
building, the prediction set which composed of samples with the identity known 
to the user can be applied to determine the classification ability of the models. In 
cross validation, ‘leave one out” at a time approach is used to predict the identity 
of the samples by leaving out one sample at a time. The procedure is repeated till 
all objects have been left out in turn. The third alternative, bootstrap approach is 
between cross validation and having an independent test. It iteratively produces 
several internal test sets, not just removing samples once as in cross validation, 
but not just having a single test set. For instance, a set of samples is removed 50 
times, each time including a different combination of the original set. The 
prediction ability is calculated each time and the overall predictive ability is an 
average of the iterative. If the samples are correctly classified, similar to the 





1.3.4. Some examples of food metabolomics 
 Different analytical platforms and chemometric techniques have been 
utilized by various authors depending on the objectives of the project. Some 
examples of food metabolomics are summarized in Table 1.3. With the gaining 
popularity of metabolomics, the application of metabolomics for quality 



















Table1.3 The applications of metabolomics in food analysis. 
 
Sample/ purpose  Type Extraction and preparation Separation-detection Data 
treatment 
References 
Differentiation of the ripening 










Discrimination of Dutch wild 
carrot and western orange 
carrot cultivar shoots 
Untargeted/ 
discriminative 
sample was freeze-dried, 
CH3OH-d4 in buffer (90 mM 
KH2PO4 in D2O) containing 
0.05% TMSP (trimethyl silyl 





Discrimination among Shiraz 












Discrimination of wines 
containing anthocyanins 




 Fourier Transform-Near 







 Discrimination of different 
types of beer brands (Trappist 
and non-Trappist beer) 
Untargeted/ 
discriminative 
degassed in an ultrasonic bath A direct analysis in real 














Discrimination of red wine of 
different varieties (Cabernet 




- high performance liquid 
chromatography coupled 
to quadrupole time-of-









Characterization of sweet 
pepper (Capsicum annuum L.) 
of different cultivars 
Untargeted/ 
discriminative 






 Discrimination of six different 
varieties of maize, three of 
them transgenic (PR33P66 Bt, 
Tietar Bt and Aristis Bt) and 
their corresponding isogenic 

















Different types of honey: 













Detection of the adulterations 
of D-fructose and D-glucose in 
genuine honey samples. 
Untargeted/ 
discriminative 









Determine banned dyes (Sudan 














1.4. Scope of thesis 
With globalization and progress in technology, the analytical methods 
which are based on quantification of specific chemical compounds for food 
authentication may not be sufficient. New methods are required to keep up with 
the increasing trend in which food are adulterated with new ingredients or 
chemicals. In order to address this issue, the feasibility of utilizing metabolic 
fingerprinting, with various analytical platforms, is explored in the application of 
quality control and detection of adulterants. An advantage of food metabolomics 
is that it permits the detection of large number of compounds in a single analysis, 
offering a superb opportunity for tighter control on food authentication. 
In Chapter 2, the possibility of using NMR and GC/MS ‘fingerprints’ of 
oil and fats samples for the identification of the oils and fats were investigated. 
With the application of chemometric techniques, the types of oils and fats were 
predicted. The models constructed with data from complementary techniques 
were compared in hope to determine which of the analytical techniques is more 
suitable for the building of database for differentiation of oil and fats. 
In the next chapter, the possibility of differentiating vegetable oil from the 
binary mixture, which was adulterated by animal fats were also explored. The 
samples were analyzed by NMR and GC/MS before subjecting to chemometric 




vegetable oil. PLS regression was subsequently built to predict the percentage of 
animal fats added into the vegetable oil. These methods may be useful in halal 
authentication whereby pork products are forbidden. 
In the 4
th
 chapter, the application of fingerprinting and chemometric 
studies was further investigated for the identification of spices and herbs which 
are usually ground before usage. This is crucial as some of the spices or herbs 
might result in allergic reactions which might eventually lead to deaths. Lastly, 
the findings of the thesis and the future work which involved the application of 
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Chapter 2. Identification of edible oils 
and animal fats via fingerprinting 
technique 
 
2.1 The importance of the authenticity of oils and fats to consumers 
 
Oils and fats are widely used in the commercial manufacturing of food 
(such as cakes and biscuits), preparation of fast food and domestic cooking as 
they enhance flavor and aroma of food.
1
 Furthermore, the use of oil in deep frying 
of food is very popular, used widely in the food industry and domestic households 
as it reduced cooking time and resulted in foodstuffs with desirable physical and 
organoleptic properties. Thus the authentication of oils and fats is of paramount 
importance not only to consumers but also to manufacturers and local regulatory 
authorities. 
The consumers are concerned with the type of the oils and fats that they 
consume as these oils and fats can affect their well-being. For example, the 
consumption of soya bean or peanut oil might trigger allergies like asthma, hives 
and atopic dermatitis in some consumers.
2
 In extreme situation, life-threatening 
and lethal anaphylaxis might result. Besides, research studies have reported that 
the prolonged consumption of saturated fats, such as lauric acid (C12:0), which 




increase in the low-density lipoprotein (LDL) bad cholesterol in plasma.
3
 
Epidemiological data demonstrated that with a rise of 10% of LDL-cholesterol 
level, it would correspond to an increase of ischemic heart disease risk by 15%.
3
 
In spite of deleterious effect upon eating excessive saturated fats, the 
moderate consumption of vegetable oils especially olive oil has additional health 







 properties which are isolated and added to food products for the 
nutritional benefits. Hence the food industry began promoting food prepared in 
olive oil to suit the needs of the consumer. Besides nutritional and health benefits, 
religious beliefs also affect the choice of diet. For instance, vegetarians and 
Hindus are forbidden to eat food products which consist of animal fats and beef 
respectively. Likewise, Muslims and Jews have religious restriction on the 
consumption of porcine-originated food products.
9
 
2.2 Examples of adulteration of oil and fats 
 
 With the widespread usage and demand of oils and fats, unscrupulous 
manufacturers resorted to substitution or addition of inferior and cheaper material 
in the oils and fats for economic profits. Borda et. al. has reported the replacement 
of expensive olive oil with cheaper oil such as sunflower oil that has similar 
physical and chemical composition.
10
 In extreme case, potentially toxic 




unscrupulous purveyors. A prominent example is the outbreak of Spanish Toxic 
Oil Syndrome which occurred in 1980s in Spain.
11
 The rapeseed oil denatured 
with 2% aniline was imported from France meant for industrial application. 
However, the oil was refined at the Industria Trianera de Hidrogenación (ITH) 
refinery in Seville and marketed as olive oil. Thousands of people developed 
pulmonary symptoms similar to pneumonia after the consumption of this 
adulterated olive oil.
10
 Epidemiologic studies had shown that the fatty acid esters 
of 3-(N-phenylamino)-1,2-propanediol that were present in the rapeseed oil, 
might be the main cause of this outbreak. 
Another incident involved the marketing of  the used oil as fresh cooking 
oil in China.
12
 The illegal manufacturers obtained the gutter oil collected from the 
drain of restaurants or from waste oil and resold as edible oil back to restaurants 
after reprocessing, making huge profits. Besides ‘recycling’ the gutter oil, swine 
cooked oil which refer to the oil extracted from animal fats are also utilized and 
sold as cooking oil.
13
 The media has reported the seizure of more than 100 tons of 
gutter oil in 2011.
14
 In addition, almost one tenth of the restaurants have been 
using the gutter oil as cooking oil without the knowledge of the consumers. 
Aflatoxins, which is carcinogenic to human, was also detected in some of the 
gutter oil.
13
 Epidemiological studies have shown the prolonged consumption of 
these toxin might resulted in liver cancer.
15




In view of the undesirable health effects of these fraudulent practices, it is 
important to develop analytical methods for the quality assessment of oils and 
fats. This is especially crucial as the consumers are unable to distinguish the oils 
and fats due to their similar physical appearance but instead rely on the cost and 
nutritional information food labels on the oils and fats products that they purchase 
to determine the quality of these products. 
2.3 Current methods applied for the authenticity of oils and fats 
 
Generally, oils and fats consist of approximately 98% triglycerides which 
can be derived from the esterification of glycerol and three molecules of fatty 
acids. Each of these fatty acids comprises of a long, aliphatic hydrocarbon chain 
and a carboxylic acid moiety. The number and position of the double bond as well 
as the quantity of the fatty acids present vary depending on the species which the 
vegetable oils or animal fats are derived from. Henceforth, triglycerides or fatty 
acids can be used to differentiate between the different types of oils and fats.  
In the past, quality assessment of oils and fats has been dominated by 
classical methods such as determination of the amount of acid value, peroxide 
value, iodine value and colour evaluation. However, these methods are usually 
laborious and time consuming.
16
 Besides the classical methods, various analytical 









sterols in the aim of providing quality assessment to oil-based product in the 
market. Sterols which are structurally similar to cholesterol are one of the minor 
constituents that have been employed to determine the identity of the oils and 
fats.
19
 Cumbersome sample preparation such as soxhlet extraction and 
saponification as well as isolation techniques, for example, thin layer 
chromatography (TLC), column chromatography
20
 or  solid phase extraction
21
 
were required prior to analysis such as gas chromatography coupled to flame 
ionization detector
22
 or mass spectrometry
23
 and liquid chromatography with mass 
spectrometer detector (LC/MS).
24
 Therefore, the highly abundant fatty acids 
detected via gas chromatography coupled to flame ionization detector (GC-FID)
25
 
are preferred for determining the authenticity of oils and fats instead of sterols. 
This methodology of qualitative and quantitative assessment of fatty acid in a 
form of fatty acid methyl esters
26
 has been used as mandatory criteria for the 
authentication in the food industry. In fact, Codex Alimentarius Commission has 
compiled a list of fatty acids with various carbon lengths and degree of saturation 
present to characterize oils and fats.
26 
Spencer and co-workers have demonstrated 
the graphical procedure which involved the plotting of fatty acid composition for 
standard soya bean oil and oil samples derived by GC on graph paper was 
reported for the identification of oils and fats.
27
 Although this method provides 
visualization of the fatty acids for comparison, it is relatively cumbersome and 




2.3.1 Fingerprinting for the authenticity determination of oils and fats 
 
Instead of using the tedious methodology of quantifying specific 
compounds with the use of standards, fingerprinting offers a promising strategy 
for determining the authenticity of oils and fats. It utilized the spectra and 
chromatograms which are considered as representative and characteristic 
‘fingerprint’ for the identification of the oils and fats.28 Some earlier studies have 
demonstrated its use in the verification of geographic origin of the olive oils
29
, the 
discrimination of different grade of olive oils
30
 and detection of adulterants in 
olive oil 
31
 with the help of various chemometric method. Based on European 
Community regulation EC 136/66, the extra virgin olive oil and olive oil differ in 
the level of free acidity which is expressed as oleic acid. The free acidity of the 
extra virgin olive oil and olive oil are less than 1g per 100 g and less than 1.5 g 
per 100 g respectively.
32
 In addition, extra virgin olive oil is more expensive than 
the latter as it consists of higher amount of phenolic compounds which have 
potent antioxidant activity and contribute significantly to the extraordinary 
stability of extra virgin olive oil against oxidation.
33
 In addition, these compounds 
have also demonstrated chemoprotective properties such as anticancer and anti-
inflammatory in humans.
34
 Hence analytical methodologies were developed to 




Mass spectrometry, for instance, is one of the most widely used analytical 
platforms in fingerprinting because of its good sensitivity and rich structural 
information provided for component identifications.
28
 Thus, the use of gas 
chromatography coupled to mass spectrometer (GC/MS) was proposed in this 
work for the classification of oils and fats. An advantage of employing GC/MS 
includes the ease of identification of fatty acids in oils and fats with the use of 
GC/MS library based on the mass spectra. However, the analysis time for GC is 
relatively long compared to spectroscopic techniques.  
Nuclear magnetic resonance (NMR) spectroscopy has been extensively 
utilized in the authentication of olive oil
35
 because it requires minimal sample 
preparation, shorter analysis time, its non-destructive nature and good 
reproducibility as compared to chromatographic methods which are coupled to 
mass spectrometry.
36
 It has been extensively utilized in the assessment of the 
purity, provenance and grade of olive oils.
37
 
In order to obtain fingerprint which is characteristic to a species or a class, 
enormous numbers of data sets are usually acquired regardless of the analytical 
technique used. It can be overwhelming and time consuming to interpret the large 
number of chromatograms or spectra visually.
38
 Thus, the data are converted into 
comprehensible formats via pre-processing and pre-treatment steps prior to 




models such as principal component analysis (PCA) and supervised analyses like 
partial least squares discriminant analysis (PLS-DA) and orthogonal projections 
to latent structures discriminant analysis (OPLS-DA).
39
  
To date, most research studies have been focused on the authentication of 
olive oil as aforementioned while the identification of oils and fats is just as 
crucial to consumers and regulatory bodies. In view of the great demand for 
reliable techniques for the identification of various types of oils and fats, the 
feasibility of NMR and GC/MS with the combination of chemometrics in the 
identification of oils and fats was evaluated. Subsequently PCA and supervised 
models could also be constructed for the class differentiation and the 
identification of unknown oils and fats.  
2.4 Materials and methods 
2.4.1 Chemicals and materials 
 
Three different brands of a total of ten various types of vegetable oils were 
purchased from local supermarkets -  extra virgin olive oil , olive oil , canola oil, 
palm oil , soybean oil, corn oil, sunflower oil , rice bran oil , peanut oil  and 
coconut oil. The botanical origin and quality grade of all these samples were 




The fats were obtained by heating the adipose tissues of pig, mutton, beef 
and chicken, purchased from three different local markets, at 90 °C for 15 min.
9
 
The animal fats were stored in the dark at 4 °C and were heated to 60 °C before 
use.  
HPLC grade organic solvents which included chloroform and methanol 
were acquired from Tedia (Fairfield, USA). Deuterated chloroform containing 
±0.03% (v/v) tetramethylsilane (TMS) was purchased from Cambridge Isotope 
Laboratories (Andover, MA, USA). 10% (w/w) Boron fluoride in methanol, 
sodium chloride and sodium hydroxide were obtained from Supelco (Bellefonte, 
USA), Goodrich Chemical Enterprise (Singapore) and Comak Chemical Products 
(Singapore) respectively. Custom retention time index, which consisted of C7 to 
C32 hydrocarbon chains, were acquired from Restek (Bellefonte, USA) to 
generate the retention index for the GC/MS analysis of oils and fats. Deionized 
water (18.2 MΩ at 25 ˚C) was collected from a Direct Q-UV water system 
(Millipore, Bedford, MA, USA). 
2.4.2 Analysis of oils and fats with NMR 
 
Simple sample preparation, which was modified based on the work of 
Segre and co-workers, was performed prior to NMR analysis.
40
 20 µl of edible oil 
or animal fats was dissolved in 630 µl of deuterated chloroform in 5 mm NMR 
tube. 
1




Bruker AMX500 equipped with a cryoprobe at 298 K. 32 transients were 
collected with the acquisition parameters as follows: time domain 32 K, spectral 
width of 13 ppm, acquisition time of 2.2 s and relaxation delay of 2 s.  Prior to 
Fourier transformation, exponential multiplication (line broadening with 0.3 Hz) 
and linear prediction were performed for the free induction decay and each 
spectrum was auto-phased and baseline corrected manually. Tetramethylsilane 
(TMS) with 
1
H NMR chemical shift at 0.00 ppm was used as a reference for 
calibration. Seven replicate analyses were conducted for each individual brand of 
oils and fats. A quality control sample consisting of soya bean oil was analyzed 
by NMR before the analysis of other samples to ensure that the instrument was in 
good working condition. TopSpin 1.3 (2005) and Amix-Viewer 3.7.7 (2006) 
software from Bruker BioSpin GMBH (Rheinstetten, Germany) were used to 
process the spectra. The instrument reproducibility was assessed through the 
repeated analysis of a particular brand of soya bean oil on two different days.  
The triglycerides that exist in high abundance were detected in NMR, 
providing characteristic profile of oils and fats. The spectra were binned into 0.03 
ppm wide buckets and normalized to total intensity over the region of 0.10 to 7.00 
ppm. The data table consisted of 230 variables and 308 observations which were 
used for pattern recognition. The spectra of each brand of oils and fats were 




2.4.3 Analysis of oils and fats with GC/MS 
 
Esterification was employed in the conversion of fatty acids in the oils and 
fats samples to fatty acid methyl esters (FAME). This derivatization method was 
modified from ISO 5508/9 boron trifluoride method for the preparation of 
FAME.
25
 Methanol was first added to break down the triglycerides into fatty 
acids. Subsequently, the fatty acids were converted to fatty acid methyl esters 
(FAMEs) through acid based catalyzed trans-esterification in the presence of 
methanol and boron trifluoride. 0.1 g of oil and 1 ml of 0.5 M methanolic sodium 
hydroxide were added to a GC vial which was then heated in 80 °C water bath for 
15 minutes till the fats droplets reacted with the reagents and disappeared. 
Subsequently, 1 ml of boron fluoride in methanol (10% w/w) was added to the 
mixture and the reaction mixture was heated for an additional 15 minutes at 80 
°C. Liquid-liquid extraction was performed using 2 ml of saturated sodium 
chloride solution and 1 ml of hexane. The top hexane layer was transferred into 
amber vials for GC/MS analysis.  
Analysis was performed on Shimadzu GC/MS-QP2010 Plus system 
equipped with AOC20i+s auto sampler (Shimadzu Corporation, Kyoto, Japan). 
The mass spectra were obtained in electron ionization mode at 70 eV. Full scan 
mass spectra were acquired in the mass range of 50–500 Da with a 2-min solvent 




Scientific, Folsom, USA, 30 m, length; 0.25 mm I.D.; 0.25 µm, film thickness; 
stationary phase, 5% phenyl and 95% methyl polysiloxane) with helium as the 
carrier gas at 1 ml min
-1. 1 μl of the sample solution was injected at a split ratio of 
1:100. The injection temperature was fixed at 280 C. For this experiment, the 
following temperature programming settings were used: an initial temperature of 
40 °C for 2 minutes, increased to 320 °C at a rate of 6 °C min
-1
 and isothermal for 
1 min at 320 °C, with a total analysis time of 45 min. 7 replicate analyses were 
conducted for each individual brand of oils and fats. Data were acquired with the 
GC/MS Solution software (Shimadzu Corporation, Kyoto, Japan). FAMEs with 
longer alkyl chain and the least number of double bonds were eluted later. For 
example, methyl palmitate (C16:0) eluted earlier at approximately 29.5 min as 
compared to the methyl stearate (C18:0) which eluted at 32.4 min from the 
GC/MS chromatogram of the soya bean oil. The chromatograms of each brand of 
oils and fats were presented in Appendix 2. 
Prior to the analysis of samples, a hydrocarbon standard, which consisted 
of different alkyl chains, was injected and was analyzed with the same 
temperature program as that of the samples and metabolite library. With this 
standard, linear retention indices could be generated and hence, accounting for the 
inter-day shift in retention time of the FAMEs. The identification of the FAMEs 




the FAMEs to the GC/MS Metabolite Mass Spectral Database. All data were 
converted to the network Common Data Form (netCDF) files. The open source 
software, MZmine 2 (http://mzmine.sourceforge.net/) was employed for pre-
processing of the raw GC/MS data which incorporated the spectral filtering for 
noise elimination, peak detection, and alignment of peaks for multiple samples in 
an automated and unbiased approach.
41
 The MZmine software facilitated the 
conversion of the three dimensional data consisting of mass-to-charge ratio, 
retention time and intensity to a two-dimensional data set of intensity versus 
mass-to-charge ratio at a specific retention time. After pre-processing, the data 
were subjected to multivariate analysis. 
2.4.4 Multivariate data analysis 
 
 Data analysis was performed using multivariate statistical analyses using 
SIMCA P+ version 12 software (Umetrics, Sweden). The principal component 
analysis (PCA), an unsupervised model, and supervised models: soft independent 
modeling of class analogy (SIMCA), partial least squares discriminant analysis 
(PLS-DA) and orthogonal projection to latent structures discriminant analysis 
(OPLS-DA) were utilized for the discrimination and classification of oils and fats.  
 NMR and GC/MS results of each type of oils and fats were subjected to 
principal component analysis (PCA) with 97.5% Hotelling T2 individually to 
detect outliner (Appendix 3 and 4).
 




confidence ellipse were excluded. 6 NMR or GC/MS data sets were eventually 
selected for each brand of oils and fats to be employed as training and prediction 
sets. The mean, standard deviation and relative standard deviation are shown in 
Appendix 5 and 6. Satisfactory relative standard deviations of less than 10% were 
achieved for the NMR and GC/MS analysis of each brand of oils and fats. 
 For the PCA analysis, 112 spectra or chromatograms which corresponded 
to the training set in the supervised model were employed. The principal 
components were displayed as a set of scores (t), which highlight clustering or 
outliers, and a set of loadings (p), which highlight the influence of input variables 
on t. For the discriminant analysis, the entire dataset for the identification of oils 
and fats was divided into training and prediction sets for external validation after 
pre-processing of the data. Two models were built for the NMR data in order to 
be able to classify the identity of oils and fats correctly. The identity of the 
unknown samples was correctly classified to the appropriate type of oils and fats 
if the score is larger than 0.65 at 90% confidence level for PLS-DA and OPLS-
DA.  
The model diagnostics were summarized by the goodness of fit, R
2
, while 
the prediction goodness parameter, Q
2
 of cross-validation (CV), was used to 
estimate the predictive ability of the model. Cross validation was done by 
dividing the data into 7 parts and each 1/7
th
 was removed. A model was built on 
the 6/7
th




was repeated with each 1/7
th
 of the data until all the data had been predicted. The 
reliability of the classification models was also studied in terms of recognition 
ability, the root mean square error of calibration (RMSEC- percentage of the 
members of the training set correctly classified) and predictive ability, the root 
mean square error of prediction (RMSEP- percentage of the members of the 
prediction set correctly classified by using the rules developed in the training 
step).
42 
2.5 Discussion  
 
2.5.1 Sample preparation and data interpretation 
 
In fingerprinting approach, minimal sample preparation is preferred in 
hope to increase the sample throughput. During NMR analysis, several variables 
including the type of deuterated solvent, the ratio of sample: deuterated solvent, 
the number of scans acquired were optimized. Nonpolar deuterated chloroform 
was selected as the oils and fats composed of mainly fatty acids with nonpolar 
hydrocarbon chain. Moreover, the deuterated chloroform resonance at 7.26 ppm 
does not interfere with other signals of the fatty acids. Furthermore, deuterated 
chloroform is cheaper than other deuterated solvents such as hexane, reducing the 
operational cost.  
 Previous publications have reported the use of different volume of oil and 






preliminary studies were conducted using the volume ratio of soya bean oil to 
deuterated chloroform at 1:33 and 1:4 to ensure that intense signal is achieved 
without masking the fine pattern. Figure 2.1 illustrates the difference between the 
spectra acquired using different volume ratio between sample and solvent. 
Intense signals were acquired for both spectra with small chloroform 
solvent peak and tetramethylsilane (TMS) peak being observed at 7.26 and 0.00 
ppm respectively. The resonance at approximate 1.56 ppm was due to the 
presence of residual water in deuterated chloroform. The ratio of soya bean oil to 
volume of deuterated chloroform of 1:33 was favored because an additional 
splitting pattern was seen at approximately 4.10 ppm, which might increase the 
possibility of distinguishing the type of the oils and fats. 
Besides these factors, quality of NMR fingerprint was also evaluated based on 
number of scans used during data acquisition at 32 and 64. Since no significant 
difference was observed between the spectra, 32 scans were selected to shorten 
the analysis time to approximately 5 min. Such short analysis time could also 





Figure 2.1 The NMR spectra of (a) 1:33 and (b) 1:4 volume ratio of different ratio of soya bean oil dissolved in deuterated 




Figure 2.2 depicts the 
1
H NMR spectrum of the soya bean oil with the 
chemical shifts being assigned to the proton resided on different functional groups 
attached to the triglycerides.
40
 All the chemical shifts of the triglycerides in oils 
and fats samples were calibrated against the reference peak of TMS. The ten 
resonances acquired in the spectra were assigned to the acyl groups such as olenyl 




Figure 2.2 The 
1 
H NMR assignment of the chemical shift for soya bean oil 
dissolved in deuterated chloroform with a table describing the assignment of the 
resonance to various protons of the fatty acids. 
 
Despite having overlapped resonance due to the lack of separation procedures 
prior to analysis, useful information can be extracted from the NMR fingerprints. 




(C18:1), linoleic (C18:2) and linolenic (C18:3) acids present in the oil samples 
using the area of the resonances.
43
 This is possible since the areas of these 
1
H 
NMR spectra signals are proportional to the number of protons in the oils and 
fats.  
Unlike NMR analysis which allowed direct sample analysis, derivatization 
to FAMEs was essential for GC/MS analysis to improve the volatility of fatty 
acids. The reactions for the derivatization are shown below: 
Saponification: RCOO-R’ + NaOH  RCOO-Na + R’OH 
Esterification: RCOO-Na + CH3OH  RCOO-CH3 + NaOH 
Derivatization was carried in a two-step approach: Firstly, the ester bonds 
between the fatty acid and glycerol moiety is cleaved through the mechanism of 
saponification during the reflux of oils and fats with the excess of diluted aqueous 
ethanolic alkali. The liberated fatty acids were then methylated in the presence of 
BF3 in methanol. The acid catalysts were added to accelerate the reaction which 
usually exists as an equilibrium reaction.
45
 
The samples were injected into the GC/MS upon derivatization. With the 
usage of a relatively non-polar capillary column, the FAMEs were 




GC/MS separation (Figure 2.3). The FAMEs was identified based on the mass 
spectra and the retention index generated with the hydrocarbon standard. 
 
 
Figure 2.3 The GC/MS chromatograms of (a) coconut oil, (b) extra virgin olive 
oil, (c) olive oil and (d) soya bean oil. 
 
 
FAMEs with longer alkyl chain and the least number of double bonds 
were eluted later. For example, methyl palmitate (C16:0) eluted earlier at 
approximately 29.5 min as compared to the methyl stearate (C18:0) which eluted 
at 32.4 min from the GC column as observed in the chromatogram of soya bean 




dependent on the number of double bonds present as such the C18 FAMEs were 
found to be eluted in the order of C18:3, C18:2, C18:1and C18. 
2.5.2 Data pre-processing and pre-treatment 
 
With the vast amount of dataset obtained based on NMR and GC/MS 
analyses and their intrinsic similarities in the fingerprints, it was difficult to 
identify individual oil sample based on visual comparisons of the GC/MS and 
NMR fingerprints. Hence, MVA was employed. Since the chromatograms and 
spectra are graphical, they were first pre-processed to extract useful data in a table 
format prior to chemometric analysis.   
The pre-processing of raw NMR spectra involved phasing of Fourier 
transform, baseline correction and spectral binning (or otherwise known as 
bucketing).
46
 Spectral binning reduced each spectrum into a series of integrated 
regions of equal or unequal segments known as bins. Some advantages of binning 
included reducing the complexity of the original data in order to lower the 
computational load in the subsequent chemometric analysis. The bin width of 
0.03 ppm which was segmented over a region of 0.10 ppm to 7.00 ppm was 
employed. Wide bins were avoided as they might result in the loss of small 
features that were distinctive for group discrimination.
47
 For example, the two 
resonances that appeared within the region of 4.00 to 4.40 ppm merged into one 




(Figure 2.4). On the other hand, narrower bins were not favored as no extra 
information was gained from having a spectral resolution higher than the physical 
peak resolution of the triglycerides, generating the spectra.
46
  
 For the preprocessing of GC/MS data, normalized percentage area of 
FAMEs was initially employed prior to chemometric studies since several 
authors
48
 had reported the use of similar processing method for the differentiation 
of vegetable oils for FAMEs analyzed via GC-FID. The percentage area values of 
15 FAMEs were calculated using the area of these compounds from the total ion 
chromatograms of the GC/MS data and subjected to PCA to evaluate the 
effectiveness of this preprocessing method (Figure 2.5). However, differentiation 
of several types of oils and fats such as extra virgin olive oil and olive oil, as well 
as beef tallow and mutton tallow was not possible. Moreover, poor recognition 
and prediction ability of less than 60% were achieved using supervised models of 





Figure 2.4 The effect of bin width (a) 0.03 ppm (b) 0.10 ppm on the spectral 
resolution of the NMR spectrum of soya bean oil.  
 
It was concluded that the 15 FAMEs identified and utilized for 
chemometrics might not be sufficient for distinguishing the oils and fats since 
they had quite similar FAMEs composition. To further improve the discrimination 
between the oils and fats for the GC/MS data, the mass spectrum data which 
composed of different molecular fragmentation of the FAMEs were utilized to 
extract additional variables. 187 variables with the format of different intensity at 
different mass-to-charge ratio (m/z) and different retention time were successfully 




After pre-processing, the NMR spectra and GC/MS chromatograms were 
successfully converted to table format which composed of information such as 
normalized intensity at different chemical shifts and normalized mass to charge at 
different retention time. Scaling was performed to change the relative influence of 
the data and to avoid dominating influence of large normalized intensity values of 
the triglycerides or FAMEs for the NMR and GC/MS data respectively. Both 
NMR and GC/MS data matrix were subjected to pareto scaling which involved 
the division of each variable by square root of its standard deviation. Upon 
scaling, the influence of high intensity mass-to-charge ratio or resonances 
decreased more than the lower intensity compounds, preventing the dominance of 
high concentration compounds.
49
 These resulted in creation of models which 














Figure 2.5 PCA score plot of 112 oils and fats samples using the 15 FAMEs as the variables from the GC/MS chromatograms. 





2.5.3 Discrimination between different types of oils and fats with 
exploratory PCA  
 
PCA provides an overview of the NMR and GC/MS data and 
subsequently transforms the original variables to new uncorrelated variables 
known as principal components (PC).
50
 Each PC is the linear combination of the 
original variables. The first PC conveys the most useful information with the 
highest variance of the data explained. The second PC accounts for the next 
higher variance in a direction which is orthogonal to the first PC.
44
 The successive 
PCs will explain less of the variance. The score plot aids in summarizing the 
samples graphically and permits the observation of trends with ease.
51
  
Figure 2.6 and 2.7 illustrate the PCA score plots constructed based on 
NMR (PCA-NMR) and GC/MS (PCA-GC/MS) analysis. Both PCA score plots of 
NMR and GC/MS data achieved excellent goodness of fit and validity (R
2
X 
cumulative, NMR = 0.999; R
2
X cumulative, GC/MS = 0.964; prediction Q
2
X cumulative, NMR 
=0.992 and Q
2
X cumulative, GC/MS = 0.895) which were close to 1. The optimal 
number of principle components (PC) employed in PCA was determined by the 
Eigenvalues. The PC with Eigenvalue less than one was not employed.
52
 
Examination of the scores plots indicated good experimental reproducibility since 
tight clustering of replicates for each type of oils and fats were observed. It was 
also evident that clusters corresponding to most of the oils and fats except for 




feasibility of PCA models to distinguish their differences. Since the extra virgin 
olive oil was manufactured through the first and second cold pressing method 
while the olive oil was originated from the subsequent press,
34
 resulting in minute 
difference in the abundance of fatty acids. Henceforth, the overlapping of olive oil 






Figure 2.6 The score plot of the PCA models constructed based on NMR data (PCA-NMR) using 112 oils and fats samples 






Figure 2.7 The score plot of the PCA models constructed based on GC/MS data (PCA-GC/MS) using 112 oils and fats 




The score plot of NMR which was constructed based on the first two 
components explained 85% of the variance (Figure 2.6). The first PC (t[1]) 
(explaining 68% of the total variance) discriminated the coconut oils from the 
rest.  In addition, the separation of olive oil and extra virgin olive oil was 
observed in second PC (t[2]).The loadings plot summarized the variables and 
could be superimposed on the score plots in order to relate the variables with the 
score plot. Figure 2.8, which depicted the corresponding loadings plot to the score 
plot shown in Figure 2.6, suggested that the separation was due to the positive 
loading value of the chemical shift of 1.25 ppm which was likely to attribute to 
the higher composition of lauric acid in coconut oils.
51
 From the examination of 
the loadings plot of the related PCA model in Figure 2.8, it was observed that the 
resonance of methylene (-CH2-) protons from the saturated fats such as palmitic 
acid, lauric acid and stearic acid which were located close to 1.20 ppm as well as 
the resonance of the unsaturated fats near to 1.30 and 5.30 ppm and were 




Unhealthy oils and fats, which constituted higher percentage of saturated 
fats such as animal fats, coconut and palm oil, were located on the bottom of the 
first PC and second PC of the score plot in Figure 2.6. They were separated away 
from the rest of the healthier oils and fats such as soya bean oil, olive oil and 




model, it was observed that the resonance of methylene (-CH2-) protons from the 
saturated fats such as palmitic acid, lauric acid and stearic acid, which were 
located close to 1.28 ppm and 1.32 ppm, were responsible for the distinction 
between the healthy and unhealthy groups of oils and fats. (Figure 2.8)  
Similar to the score plot for NMR analysis, the score plot of GC/MS 
revealed the coconut oils were clustered away from other oils and fats in Figure 
2.7. This finding was in agreement with Lee et. al. who stated that the coconut 
oils had a distinctive different FAMEs profile from the rest.
48a
 The corresponding 
loadings line plot in Figure 2.9 demonstrated the influence of the variables in each 
PC. The mass fragments of 74 and 87 at 22.1 min, which was identified as methyl 
laurate, were the main discriminating variables with the high influence 
dominating the PC1. Olive oil and extra virgin olive oil, which were located in the 
middle of score plot (Figure 2.7), were differentiated from the rest of the oils and 
fats by methyl palmitate (m/z 74 and 87 at 29.5 min) and methyl oleate (m/z 83 
and 97 at approximately 32 min). On the other hand, vegetable oils such as soya 
bean oil and corn oil, which clustered in the negative quadrant of the score plot, 
were revealed to have higher percentage composition of methyl linoleate (m/z 81 








 Figure 2.8 The loading plot of the PCA models constructed based on NMR data 




X[2] of  
0.69 and 0.16 respectively. The chemical shifts were assigned to each of the 
discriminant variable in the loading plot. 
 
 
Figure 2.9 The loadings line plot of the PCA models constructed based on 




the first PC and second PC. The mass to charge at a specific retention time can be 
obtained from the plot. 
 
2.5.4 Identification of unknown oils and fats samples with supervised 
models 
 
In order to predict the identity of unknown samples, the data was 
subjected to supervised chemometric methods such as SIMCA, PLS-DA, and 
OPLS-DA. Both spectroscopic and chromatographic data were divided into 
training and prediction set as described in section 2.4. Eight samples from each of 
the fourteen groups of oils and fats were randomly selected for the construction of 
the calibration models. For external validation, equal number of samples was 
employed for each prediction set to avoid creating a biased model. 
Since poor rate of classification was obtained especially for extra virgin 
olive oil and olive oil for the supervised models based on NMR data for the 
classification of fourteen types of oils and fats, 2 models were constructed in 
order to determine the identity of oils and fats and the grade of olive oil. Figure 
2.10 depicts the number of training and prediction set for Model 1 and Model 2. 
Two separate chemometric models, consisting of thirteen types of oils and fats in 
which extra virgin olive oil and olive oil were collectively grouped under olive oil 
(Model 1) and two separate groups based on olive oil and extra virgin olive oil 




first model, they were subjected to the second model so as to allow the 
identification of the grade of the oils, namely olive oil and extra virgin oil used.  
Unlike NMR data, the construction of one model based on the GC/MS data would 
be sufficient to identify the oils and fats. The training and prediction set for 
GC/MS data composed of 112 and 140 samples respectively for 14 types of oil 
and fats. 
 
Figure 2.10 The training and prediction set employed for the supervised models 
for NMR data. 
 In contrast to models constructed with NMR data, only one model was 
essential for the identification of the type of oils and fats and grade of olive oil for 
GC/MS data. The difference between the numbers of models required might be 
due to the better ability of the GC/MS detect lower concentration difference 




In addition, GC/MS involved separation technique unlike NMR which detects the 
sample as a mixture resulting in overlapping resonances.  
Tables 2.1 and 2.2 present the recognition and prediction ability of the 
models for NMR and GC/MS respectively. The supervised models for both 
GC/MS and NMR data had relatively good goodness of fit and validity except for 
SIMCA models. (Table 2.3) For the supervised models, the training sets were 
crucial as they established the models such that prediction of oils and fats with 
unknown identity were possible.  
SIMCA models built on both analytical techniques had poor rate of 
classification ranging from 0% to 100% for training and prediction sets. This 
might be due to insufficient number of training samples and the difference in the 
residual variance of the training set from the average residual variance of the 
model set.
54
 Xie et. al. had reported that SIMCA worked well with at least ten 
samples per class.
55
 PLS-DA-NMR models outperformed the OPLS-DA and 
SIMCA as they demonstrated the best recognition and prediction ability with 
100% rate of correct classification in Table 2.1 Similar to the supervised models 
for NMR data, PLS-DA-GC/MS models had shown relatively superior rate of 
classification for both training set and prediction set. Both RMSEC and RMSEP 
were applied for the validation of PLS-DA and OPLS-DA models with training 




GC/MS data, the RMSEC and RMSEP values were less than 0.25 and 0.09 
respectively, demonstrating the validity of the models for the classification of oils 
and fats. 
As mentioned previously, the identity of oils and fats are usually 
determined by using the fatty acid composition. Ruth and her coworkers
56
 have 
reported the use of PLS-DA for the classification of seven types of vegetable oils 
with twenty fatty acids composition acquired by GC –FID. The results obtained in 
the present investigation were favorably comparable to Ruth’s data of 98.6% rate 
of classification for the oil samples. These demonstrated that the use of mass-to-
charge ratio from the MS spectra for the identification of the oils and fats was 
feasible, instead of using the fatty acid composition. Besides, the usage of MS 
increased the number of the discriminating variables which might improve the 
rate of classification. In addition, the identification of the FAME was possible 
with the use of GC/MS and the metabolite library, reducing the cost of standards 
which was essential in GC-FID. 
Other than having excellent classification prediction ability, another 
criterion for building a successful database for oils and fats is the possibility of 
determining the identity of the oils and fats when analyses were conducted on 
different days.  The chromatographic and spectroscopic fingerprints of the soya 




exhibited similar profiles. Soya bean oil was employed as the prediction set to 
assess the ruggedness of the database. Good classification rate of 100% were 
achieved, in particular for the PLS-DA models, proving the ruggedness and good 
inter-day reproducibility of the instruments for fingerprinting for the oils and fats. 
(Table 2.1 and 2.2)   
Comparing the two analytical techniques, NMR has its advantages such as 
short analysis time, minimal sample preparation, unbiased, non-selective and non-
destructive analysis to samples compared to GC/MS. Despite being a more 
expensive instrument with poorer sensitivity compared to MS, NMR is still a 
relative good analytical platform for the quality control of oils and fats because of 
the high sample throughput. 
On the other hand, GC/MS involved the separation of FAMEs and the 
mass spectra acquired with the mass spectrometer permit the identification of 
individual FAMEs with the use of library.  Unlike NMR, GC/MS has better 
sensitivity. However, derivatization and longer analysis time is required for GC 
separation. The type of the instruments utilized would ultimately depend on the 








 model Recognition ability Prediction ability 
Type of oils 
and fats 









RMSEC RMSEP RMSEC RMSEP 
Soya bean 8 100 100 100 10 13.64 100 68.18 0.092 0.122 0.126 0.173 
Soya bean 
analysis on 2 
different days    
    12 8.33 100 50 0.092 0.124 0.126 0.170 
Corn 8 100 100 50 10 30 100 70 0.077 0.139 0.163 0.133 
Sunflower  8 100 100 62.50 10 20 100 70 0.125 0.240 0.174 0.172 
Rice bran 8 75 100 100 10 70 100 100 0.044 0.063 0.080 0.108 
Extra virgin 
and olive oil 
8 100 100 100 28 10.7 100 100 0.083 0.157 0.113 0.156 
Canola 8 87.5 100 100 10 30 100 100 0.078 0.094 0.106 0.127 
Peanut 8 87.5 100 0 10 20 100 10 0.115 0.232 0.232 0.239 
Lard 8 75 100 100 10 20 100 80 0.041 0.074 0.130 0.118 
Palm 8 87.5 100 100 10 30 100 100 0.083 0.128 0.089 0.123 
Chicken fat 8 100 100 0 10 10 100 0 0.096 0.174 0.222 0.223 
Mutton tallow 8 87.5 100 100 10 20 100 100 0.052 0.083 0.101 0.122 
Beef tallow 8 75 100 87.50 10 10 100 90 0.064 0.076 0.126 0.129 
Coconut 8 100 100 100 10 40 100 100 0.009 0.010 0.017 0.018 
Total 104 90.4 100 76.9 160 22.5 100 78.1     
2
nd






8 62.5 100 100 10 10 100 90 0.091 0.153 0.051 0.187 
 olive oil 8 87.5 100 100 10 60 100 100 0.091 0.153 0.051 0.187 




Table 2.2 Recognition and prediction data for SIMCA, PLS-DA and OPLS-DA models using GC\MS data. 
 
 
Recognition ability Prediction ability 
Type of oils 
and fats 









RMSEC RMSEP RMSEC RMSEP 
Soya bean 8 87.50 100 100 10 30 100 100 0.022 0.029 0.020 0.028 
Soya bean 
analysis on 2 
different days 
     12 0 100 100 0.022 0.050 00.020 0.049 
Corn 8 87.5 100 100 10 20 100 100 0.041 0.039 0.040 0.040 
Sunflower 8 100 100 100 10 30 100 80 0.062 0.086 0.064 0.084 
Rice bran 8 87.5 100 100 10 50 100 100 0.061 0.093 0.066 0.097 
Extra virgin 
olive oil 
8 87.5 100 100 10 30 100 100 0.040 0.050 0.041 0.051 
Olive oil 8 75 100 100 10 20 100 100 0.005 0.007 0.005 0.007 
Canola 8 87.5 100 100 10 30 100 100 0.034 0.050 0.036 0.052 
Peanut 8 87.5 100 100 10 20 100 100 0.051 0.039 0.051 0.039 
Lard 8 87.5 100 100 10 20 100 100 0.034 0.059 0.033 0.060 
Palm 8 87.5 100 100 10 20 100 100 0.046 0.046 0.042 0.051 
Chicken fat 8 87.5 100 100 10 40 100 100 0.072 0.080 0.074 0.081 
Mutton tallow 8 87.5 100 100 10 20 100 100 0.023 0.047 0.022 0.046 
Beef tallow 8 87.5 100 100 10 20 100 100 0.036 0.054 0.036 0.054 
Coconut 8 87.5 100 100 10 40 100 100 0.036 0.053 0.036 0.053 




Table 2.3 The statistics of the models constructed with NMR and GC/MS data. 






















PCA 18 0.999 0.992 - 14 0.964 0.895 - 
  Supervised models 
SIMCA   Model 1     
Soya bean 2 0.843 0.608 - 1 0.633 0.461 - 
corn 3 0.979 0.903 - 1 0.863 0.814 - 
sunflower 3 0.966 0.845 - 1 0.68 0.35 - 
Rice bran 2 0.860 0.69 - 1 0.619 0.418 - 
Olive oil and 
extra virgin 
olive oil  
3 0.943 0.8 - 
 
N/A N/A - 
extra virgin 
olive oil  
- - - - 1 0.843 0.784 - 
olive oil - - - - 1 0.663 0.519 - 
canola 3 0.937 0.648 - 1 0.513 -0.0627 - 
peanut 3 0.981 0.935 - 1 0.793 0.854 - 
lard 3 0.963 0.759 - 1 0.922 0.0354 - 
palm 2 0.903 0.757 - 1 0.533 0.815 - 
chicken fat 3 0.971 0.855 - 1 0.926 0.669 - 
mutton tallow 3 0.948 0.758 - 3 0.931 0.972 - 
beef tallow 3 0.990 0.97 - 3 0.997 0.672 - 
coconut 3 0.968 0.82 - 1 0.776 0.672 - 




OPLS-DA 9+7+0 0.998 0.707 0.767 13+2+0 0.951 0.957 0.975 
SIMCA   Model 2     
olive oil 2 0.823 0.672 -     
extra virgin 
olive oil 




PLS-DA 5 0.954 0.885 0.979     
OPLS-DA 1+6+0 0.981 0.954 0.995     
R2X(cum) :cumulative sum of squares of the entire X variable explained by all extracted components  




2.6 Conclusion  
 
Oils and fats are one of the food products that is frequently adulterated. 
The unscrupulous manufacturers resorted to substitution of the expensive oils 
with cheaper oils in order to maximize profits especially with the similar physical 
appearance of the oils and fats, the determination of the identities of the oils and 
fats become challenging to manufacturers and consumers. 
In the current study, inspection of the PCA models built with NMR and 
GC/MS data had shown clear distinction between 14 types of oils and fats through 
varying the bin size and data pre-processing.  
The applications of NMR and GC/MS fingerprints in combination with 
supervised models were demonstrated to be successful. Because of the excellent 
prediction ability of the models as shown in this work, it is highly feasible to build 
a database for the discrimination and classification of oils and fats using either 
analytical technique. Generally, NMR required simple sample preparation and 
shorter analysis time as compared to GC/MS which required the derivatization of 
fatty acids to FAMEs as well as longer analysis time. Unlike NMR which 
analyzed the sample as a mixture, GC/MS involved the separation of the FAMEs 
which permitted the ease of identification of the FAMEs by matching the mass 
spectra of the samples against the metabolite library. 
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Chapter 3. Determination of adulteration of 
animal fats in oil through fingerprinting 
technique 
 
3.1 Adulteration of vegetable oils and related food products 
 
Adulteration is a common issue worldwide. It is the act whereby the food 
products from one species have been mixed intentionally with either similar 
substitute ingredient or cheaper species.
1
 With complex food processing methods 
being developed, it is tougher to determine the authenticity of the food. Most 




 and edible oils have been 
the frequent subjects of fraud. For example, the Olive Oil Times, a reputable 
website, has reported that two businessmen had been sentenced to two years in 
prison in Cordoba for selling several hundred thousand litres of supposedly extra 
virgin olive oil in 2005.
4
 The ‘extra virgin olive oil’ composed of a mixture of 70 
to 80 percent sunflower oil and 20 to 30 percent olive oil.  
Besides the adulteration of olive oil, some of the perpetrators have 
resorted to adulteration of food products with cheap and easily available animal 
fats in order to reduce the production cost. This is exemplified by the media report 
regarding the adulteration of lard in golden churn butter in Malaysia in 2011.
5
 
According to the Islamic laws and the Jewish beliefs, pork or lard is considered as 
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filth such that the consumption of these items is a sin.
6
 Hence, this product was 
eventually called off the shelves. Another food scandal involved the prominent 
fast food chain, McDonald’s, which was sued for failing to declare that the French 
fries were fried in oil with beef tallow before sending to the restaurants to be 
recooked in vegetable oil.
7
 This incident has triggered a violent protest in India by 
a Hindu society who had thought that French fries were categorized under 
vegetarian food.  
Aside from religious concerns, the prolonged consumption of oil 
adulterated with animal fats may result in serious health implications for the 
public without themselves being aware of it. Research studies have revealed that 
saturated fats, which are mainly obtained from animal fats and meats, can raise 
blood cholesterol levels leading to chronic diseases such as coronary heart 
disease.
8
 In addition, epidemiological evidence has also indicated that excess 
consumption of saturated fat might be the key dietary contributor to cancer of the 
breast,
9
 colon, and prostate,
10
 imposing an alert to human consumption. 
 
3.2 Current methods of analysis  
To date, most of the peer-reviewed publications have been focused on the 
detection of adulteration of the highly priced olive oil with cheaper vegetable oils 
such as hazelnut oil
11
 or soya bean oil
12







and Fourier transform infrared (FTIR) spectroscopy.
14
 Few publications have 
focused on the detection of vegetable oil substituted with animal fats. Some of the 
techniques which were applied involved the analysis of the DNA or the chemical 
composition of the oils and fats.
15
 Bellorini and co-workers have explored the 
possibility of detecting the admixture of lard in beef tallow with polymerase chain 
reaction (PCR). They demonstrated that the detection of such samples were 
dependent on the rendering process applied.
16
 When the animal fats are subjected 
to severe heat treatment (such as steam pressure sterilisation above 133 C), a 




The routine method for the detection of animal fats in vegetable oils 
involved the determination of the melting point of the sterol acetates after the 
preparation of the unsaponifiable matter using digitonin column or alcohol 
extracts. For example, Trevithick et. al. reported the increase in the melting point 
of the sterol acetate crystals upon successive crystallization, indicating the 
presence of cholesterol acetate and phytosterol acetate from the admixture of 
tallow and cotton seeds  oil.
17
 The disadvantage of this method is that large 
sample volume is required to prepare sufficient unsaponified matter for 
crystallization and melting point measurement. Hence, Verleyen et. al. proposed 
an alternative method which involved the analysis of sterols via gas 
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chromatography (GC). The samples undergo saponification and the 
upsaponificable matter was extracted by solvent. The sterols were isolated using 
thin layer chromatography or solid phase extraction and subjected to silylation 
pior to GC analysis.
18
 However, this method is tedious and cumbersome.
19
  
Besides sterols, Codex Alimentarius has proposed a list of fatty acids as a 
guideline to distinguish the identity of oils. Other techniques including the use of 
LC,
20
 differential scanning calorimetry (DSC),
21
 and the electronic nose,
22
 was 
also reported for the detection of adulteration of animal fats in oils. The cooling 
thermograms of the DSC, for example, showed the shoulder at -54.8 C which is 
sensitive for the monitoring of the presence of common animal fats such as 
genuine lard, chicken fat and beef tallow, as adulterants in palm olein. This 
methodology was further extended to detection of animal fats in canola oil.
20
 The 
aforementioned methods differentiated the admixture from pure oils based on 
visual examination of the data which could be highly subjective especially for 
low concentration of adulterants. In addition, it might be cumbersome to conduct 
manual data analysis for large number of samples.   
Fingerprinting techniques coupled with chemometric analysis provided an 
alternative approach to reduce the possibility of misinterpretation. Chemometric 
analysis has been proven to be capable of handling the large data sets generated 





 Che Man et. al. utilized the FTIR spectroscopy  with the aid of 
principal component analysis (PCA) and cluster analysis for the differentiation of 
lard from other edible oil and fats.
24
 According to this study, certain frequencies 
observed at approximately 3000 cm
-1
 and 1500 cm
-1
 were found responsible for 
the separation between lard and other oils in the PCA score plot. The triglyceride 
profiles which were obtained by liquid chromatography were also used to detect 
the adulteration of animal fats in either canola or palm oil using canonical 
discriminate analysis (CANDISC).
25
 Marikkar et. al. has reported the GC 
analyses of fatty acid methyl esters (FAME)  which were performed on 2-
monoacylglycerol and neutral triacylglycerol isolated from each sample with the 
combination of CANDISC for the detection of lard in vegetable oil.
26
  
In view of the health implications upon persistent consumption of animals 
fats, reliable method have to be developed to authenticate that the oil is indeed 
free from animal fats, protecting the well-being of consumers. One of the 
potential applications of such methods would be in the halal authentication 
analysis since one of the criteria of such examination is to confirm that porcine-
based ingredients are excluded as raw materials for the processed food product. 
We have successfully demonstrated in the previous chapter the feasibility of using 
NMR or GC/MS fingerprints with the aid of chemometric analysis for the 
identification of oil products. In this chapter, we propose the use of a similar 
  
 112 
approach to determine the presence of the animal fats in canola oil using the fatty 
acid profile.   
3.3 Experimental  
3.3.1 Chemicals and materials 
 
Canola oil was purchased from local supermarkets. The botanical origin 
and quality grade of all the samples were guaranteed by the suppliers. The fats 
were rendered by heating the adipose tissues of pig (lard) and beef (beef tallow) 
purchased from local markets at 90 °C for 15 min.
27
 The animal fats were stored 
in the dark at 4 °C and were heated to 60 °C before use.  
HPLC grade organic solvents which included chloroform and methanol 
were acquired from Tedia (Fairfield, USA). Deuterated chloroform containing 
±0.03 % (v/v) tetramethylsilane (TMS) was bought from Cambridge Isotope 
Laboratories (Andover, MA, USA). 10 % (w/w) boron fluoride in methanol, 
sodium chloride and sodium hydroxide were obtained from Supelco (Bellefonte, 
USA), Goodrich Chemical Enterprise (Singapore) and Comak Chemical Products 
(Singapore), respectively. Custom retention time index, which consisted of C7 to 
C32 hydrocarbon chains, were acquired from Restek (Bellefonte, USA) to 
generate the retention index for the GC/MS analysis of oils and fats. Deionized 
water (18.2 MΩ at 25 ˚C) was collected from a Direct Q-UV water system 
(Millipore, Bedford, MA, USA). 
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3.3.2 Sample preparation of animal fats adulterated in canola oil 
Canola oil was prepared with lard and beef tallow in varying proportions 
ranging from 0.1 to 99.9 %. A total of 15 different weight ratios of animal fats in 
canola oil were prepared: 1:99, 5:95, 10:90, 20:80, 30:70, 50:50, 60:40, 80:20, 
90:10, 95:5, 99:1 (w/w). The mixtures were sonicated for homogenization before 
analysis via GC/MS and NMR. 
3.3.3 Analysis of oils and fats with NMR 
20 µl of edible oil, animal fats or admixture was dissolved in 630 µl of 
deuterated chloroform in 5 mm NMR tubes. 
1
H NMR spectra was acquired at 
500.1 MHz observation frequency using a Bruker AMX500 equipped with a 
cryoprobe at 298 K. 32 transients were collected with the acquisition parameters 
as follows: time domain 32 K, spectral width of 13 ppm, acquisition time of 2.2 s 
and relaxation delay of 2 s. Prior to Fourier transformation, exponential 
multiplication (line broadening with 0.3 Hz) and linear prediction were performed 
for the free induction decay and each spectrum was auto-phased and baseline 
corrected manually. Tetramethylsilane (TMS) was used as a reference for 
calibration with chemical shift at 0 ppm. TopSpin 1.3 (2005) and Amix-Viewer 
3.7.7 (2006) software from Bruker BioSpin GMBH (Rheinstetten, Germany) were 
used to process the spectra. Quality control sample consisting of canola oil was 
analyzed by NMR before the analysis of other samples to ensure that the 
instrument was in good working condition. Seven replicate analyses were 
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conducted for each weight ratio of animal fats in canola oil as well as pure animal 
fats and canola oil. Simple sample preparation which involved dissolving the oils 
and fats in the non-polar deuterated chloroform was required prior to NMR 
analysis. The spectra were normalized to total intensity over the region of 0.10 to 
7.00 ppm .The region of interest of the NMR spectra was binned into 0.03 ppm 
wide buckets. The NMR spectra of the pure canola oil, animal fats and adulterated 
mixtures are shown in Appendix 6. 
 
3.3.4 Analysis of oils and fats with GC/MS 
Esterification was employed in the conversion of fatty acids in the oils and 
fats samples to fatty acid methyl esters (FAME). This derivatization method was 
modified from ISO 5508/9 boron trifluoride method for the preparation of 
FAME.
28
 Methanol was first added to break down the triglycerides into fatty 
acids. Subsequently, the fatty acids were converted to fatty acid methyl esters 
(FAMEs) through acid based catalyzed trans-esterification in the presence of 
methanol and boron trifluoride. 0.1 g of oil and 1 ml of 0.5 M methanolic sodium 
hydroxide were added to a GC vial and heated in 80 °C water bath for 15 minutes 
till the fat droplets reacted with the reagents and disappeared. Subsequently, 1 ml 
of boron fluoride in methanol (10 % w/w) was added to the mixture and heated 
further for 15 minutes at 80 °C. Liquid-liquid extraction was performed by the 
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addition of 2 ml of saturated sodium chloride solution and 1 ml of hexane for the 
extraction of the FAME. Two clear and distinctive layers were observed. The top 
hexane layer was transferred into amber vials for GC/MS analysis. Seven 
replicates were prepared for each type of oils, animal fats or admixtures. 
 Analysis was performed on Shimadzu GC/MS-QP2010 Plus 
system equipped with AOC20i+s auto sampler (Shimadzu Corporation, Kyoto, 
Japan). The mass spectra were obtained in electron ionization mode at 70 eV. Full 
scan mass spectra were acquired in the mass range of 50–500 Da with a 2-min 
solvent delay. Separations were performed on a DB5-MS capillary column (J&W 
Scientific, Folsom, USA,30 m, length; 0.25 mm I.D.; 0.25 µm, film thickness; 
stationary phase, methyl 5% phenyl polysiloxane) with helium as the carrier gas 
at 1 ml min
-1. 1 μl of the sample solution was injected at a split ratio of 1:100. The 
injection temperature was fixed at 280 C. For this experiment, the following 
temperature programming settings were used: an initial temperature of 40 °C for 2 
minutes, increased to 320 °C at a rate of 6 °C min
-1
 and isothermal for 1 min at 
320 °C, with a total analysis time of 45 min. Data was acquired with the GC/MS 
Solution software (Shimadzu Corporation, Kyoto, Japan). A hydrocarbon 
standard which consisted of different alkyl chains was first injected in order to 
identify the FAMEs using the metabolite library. This analysis utilized the same 
temperature program which was employed to build the metabolite library. With 
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this standard, linear retention indexes were generated, accounting for the shift in 
retention time of the FAMEs for different sample analyses. The identification of 
the FAMEs was performed by matching the peak’s mass spectrum and retention 
index of the FAMEs to the GC/MS Metabolite Mass Spectral Database. All data 
were converted to the network Common Data Form (netCDF) files. The GC/MS 
chromatograms of pure canola oil, animal fats and adulterated mixtures were 
depicted in Appendix 7. 
 The open source software, MZmine 2 (http://mzmine.sourceforge.net/) 
was employed for pre-processing of the raw GC/MS data which incorporated the 
spectral filtering for noise elimination, peak detection, and alignment of peaks for 
multiple samples in an automated and unbiased approach.
29
 The MZmine 
software facilitated the conversion of the three dimensional data consisting of 
mass-to-charge ratio, retention time and intensity to a two-dimensional data set of 
intensity versus mass-to-charge ratio at a specific retention time. After pre-
processing, the data was subjected to multivariate analysis. 
3.3.5 Multivariate data analysis 
 Data analysis was performed using multivariate statistical analyses using 
SIMCA P+ version 12 software (Umetrics, Sweden). The samples of different 
weight ratios were subjected to principal component analysis (PCA) with 97.5% 





outliers which lie in the area outside the confidence ellipse were excluded. Thus 6 
NMR or GCMS data sets were eventually selected for each weight ratio of oils or  
fats to be employed as training and prediction sets for the ease of comparison. The 
mean, standard deviation and relative standard deviation were shown in Appendix 
12 and 13. Satisfactory relative standard deviation of less than 9% was achieved 
for the NMR and GC/MS analysis of the pure canola oil, animal fats and 
adulterated mixtures. 
Principal component analysis (PCA), an unsupervised chemometric 
analysis was first constructed to ensure that the various ratio of the admixtures 
can be differentiated. Determination of animal fats in canola oil at different 
weight ratios was performed using PLS regression, which correlated the NMR or 
GC/MS fingerprint of each sample (X) with the percentages of animal fat added 
to canola oil (Y). In addition, the predictability of the models was tested by 
computing the RMSEC for the training data set and RMSEP for the prediction 
data set using the equation (1) and (2)
30
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   (2) 
where     and    represented the predicted weight ratio of animal fats in canola oil 
and the actual percentage weight of animal fats in canola oil.  M and N denoted 




3.4.1. Interpretation of NMR spectra and GC/MS chromatograms  
In order to investigate the feasibility of the techniques in distinguishing 
the presence of animal fats in vegetable oil, preliminary studies were conducted 
using the mixture of beef tallow and lard in canola oil. Canola oil was selected for 
this work as studies have shown that canola oil is gaining its popularity among 
consumers because it contains high levels of polyunsaturated fatty acids and the 
lowest amount of saturated fatty acids, similar to that of the olive oil.
31
  
The NMR spectra obtained for pure canola oil and the admixtures are 
shown in Figure 3.1. No additional resonance were expected to be observed in the 






Figure 3.1 The NMR spectra of (a) lard,  (b) 50: 50 (w/w), (c) 10: 90 (w/w) lard 
in canola oil, (d) beef tallow , (e) 50: 50 (w/w), (f) 10: 90 (w/w) beef tallow and 
(g) canola oil. 
 Unlike the NMR spectra, minute differences can be observed between the 
chromatograms of ruminant animal fats and the canola oil upon scrutinization. 
Table 3.1 shows the normalized percentage area of the chromatographic peaks for 
the fatty acids present in the canola oil, animal fats and admixtures. Animal fats 
consisted of higher amounts of C18 as compared to canola oil. In addition, new 
peaks of odd numbered fatty acids, C15 and C17, which were found in the pure 
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animal fats were also observed at trace levels in the admixtures indicating the 




Table 3.1 The normalized percentage area of fatty acids present in the oil and 
fats. 
 Normalized percentage area of fatty acids 





 1:99 (w/w) 
lard in canola 
oil 
1:99 (w/w) beef 
tallow in canola 
C10:0 ND 0.18 0.11 ND ND 
C12:0 ND 0.16 0.14 0.09 0.06 
C14:0 0.08 3.80 7.46 0.07 0.23 
C14:1 ND 0.00 0.81 0.30 ND 
C15:0 ND 0.17 0.60 0.01 0.06 
C16:0 17.34 38.78 36.24 10.21 16.68 
C16:1 ND 2.17 3.47 0.02 0.14 
C17:0 ND 1.02 2.77 0.23 0.15 
C18:2 23.60 9.23 16.71 14.51 26.04 
C18:1 42.13 21.96 3.90 57.14 43.10 
C18:0 10.58 21.27 27.34 13.11 9.31 
C20:1 0.59 0.42 0.21 2.69 0.89 
C20:0 0.75 0.75 0.22 0.06 2.42 
C22:0 0.05 0.09 0.03 1.57 0.92 
ND- not detected 
3.4.2. PCA models of adulteration animal fats in canola oils 
 
All the data acquired subjected to Amix or Mzmine for data extraction 
prior to chemometric analysis as mentioned in the experimental section. Upon 
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extraction, the four PCA models were constructed based on NMR data (PCA-
NMR- beef or PCA-NMR- lard) and GC/MS data (PCA-GC/MS-beef or PCA-
GC/MS-lard) for beef tallow or lard adulterated in canola oil as shown in Figure 
3.2. These models were constructed for further analysis to examine the relevant 
and interpretable structure in the data as well as outlier detection.
33
 Low ratio of 
animal fats to canola oil mixtures (for instance, 0.1:99.9 and 99.5:0.5 (w/w)) were 
excluded as the PCA score plots revealed that some of the binary mixture could 
not be clearly distinguished from either the pure canola oil or animal fats. This 
might be because the differences in the composition of triglycerides or FAMEs 
are very small that they could not be detected by the analytical methods resulting 










Figure 3.2 The PCA models constructed  based on different datasets: a) PCA-
NMR-lard b) PCA-NMR- beef c) PCA-GC/MS-lard d) PCA-GC/MS-beef based 
on NMR or GC/MS data for lard in canola mixture (lard) and beef tallow in 
canola mixture (beef). The two categories shown in the plots included 1) the pure 
canola oil and 2) canola oil adulterated with varying weight ratio of animal fats. 
The legend which varied from 0 to 100 represented the weight ratio of lard or beef 
tallow in canola mixture.  
 
The loadings plot for the NMR data of various admixtures also indicated 
that the chemical shift at approximately 1.25 ppm which belongs to the resonance 
of methylene (-CH2-) protons from the saturated fats such as palmitic acid, lauric 
acid and stearic acid, were responsible for the differentiation of ruminant fats 
from canola oil. (Figure 3.3a and b) The loadings plot constructed based on 
GC/MS data for lard in canola oil showed that the mass-to-charge (m/z) ratios of 
69 and 74 at 29.5 min and 59 and 97 at 32.3 min, corresponding to methyl 
palmitate (C16:0) and methyl linoleate (C18:2) respectively, strongly contributed 
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to the distinction of canola oil from adulterated lard in canola oil (Figure 3.3 c). 
Based on the loadings plot of the GC/MS data for canola oil adulterated with beef 
tallow (Figure 3.3 d), m/z 74 and 87 at 29.5 min, as well as 67 and 83 at 32.3 min, 
influenced the differentiation between pure canola oil from the adulterated 
samples. The signals were assigned to methyl palmitate (C16:0) and methyl 
linoleate (C18:2). These findings correspond to the difference in the normalized 










Figure 3.3 The loadings plots constructed based on different datasets: a) loadings 
plot-NMR-lard b) loadings plot-NMR- beef c) loadings plot-GC/MS-lard d) 
loadings plot-GC/MS-beef based on NMR or GC/MS data for lard in canola 
mixture (lard) and beef tallow in canola mixture (beef).  
 
3.4.3. Cooman’s plots for adulteration of animal fats in canola oils 
Cooman’s plots for NMR and GC/MS data were constructed as they 
permit a better visualization of the discrimination of adulterated oil samples such 
as lard in canola oil from pure canola oil. In a Cooman’s plot, the two axes 
represent the distance of each sample from a specific category, so that each class 
model is drawn as a rectangle corresponding to the critical distance (P=0.05) from 
the class.
34
 Any sample having a distance to the corresponding centroid greater 
than the critical distance is considered as being outside the class model and, as a 
consequence, rejected as an outlier for the specific category (graphically, it is 
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plotted outside the rectangle defining the class model). All plots exhibited 
successful discrimination of canola oil samples from adulterated samples at 
greater than 1 % (w/w) similar to the observation in the PCA models (Figure 3.4). 
Besides, different percentages of adulteration of animal fats clustered together in 
ascending order from left to right for the adulterated samples. From the Cooman’s 
plot and PCA score plots, it was determined that approximately 5% of fats 
adulterated in canola oil was the detection limit of both NMR and GC/MS as the 











Figure 3.4 Coomans’ plots obtained based on different datasets: (a) Cooman’s 
plot-NMR-lard, (b) Coomans’ plot –NMR- beef, (c) Cooman’s plot -GC/MS-lard 
and (d) in canola mixture and d) Coomans’ plot -GC/MS- beef in which lard and 
beef represent the adulteration of lard and beef in canola oil respectively. The 
legend denotes the weight ratio of lard or beef adulterated in canola oil mixture 
where 0 represents pure canola oil and 100 represents the corresponding animal 
fats. The two categories shown in the plots included 1) pure canola oil and 2) 
canola oil adulterated with varying weight ratios of animal fats.  
 
3.4.4. PLS models for adulteration of animal fats in canola oil 
PLS regression, which is a simple and convenient calibration method for 
mixtures, was performed for the quantification of animal fats in canola oil instead 
of the traditional quantitative analysis which utilizes only the peak area or 
intensity at a specific region and requires the use of standards. 
35
 With PLS, such 
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standards are not essential and the time needed for the determination of the 
sample composition reduce substantially as the building of multiple calibration 
curves can be avoided.
36
 In addition, PLS also grant a better accuracy of the 
analytical results compared to the traditional quantitative analysis. PLS relates the 
variables (X) which could be the integrals within a predetermined bin width in the 
NMR spectra or the intensity of certain m/z at a particular retention time in the 
GC chromatograms to the percentage of animal fats in canola oil (Y).
37
 PLS is a 
method that seeks to optimize the correlation between X and Y, using relevant 
linear combinations of variables in X and Y data. It detected the part of the 
variance in X data that fitted the Y data best in an iterative manner. The dataset 
was divided into training and prediction sets as shown in Table 3.2.  
The ability of the PLS model was validated with the prediction set. It was 
important to accurately determine the number of components that should be 
included in the model that was related to the difference between the degree of fit 
and the predictive ability. The degree of fit increased with the increase in the 
number of components. However, the predictive ability would not increase after a 
certain model complexity.
38
 Thus, it was important to reach an optimal balance 
between fit and predictive ability. The predictability of the models was tested by 
computing the root mean square error of calibration (RMSEC) for the data set and 
the root mean square error of prediction (RMSEP) for the prediction data set. The 
statistics of the PLS models constructed with NMR and GC/MS fingerprints used 
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to estimate the amount of animal fats adulterated in canola oil for both NMR and 
GC/MS data are summarized in Table 3.3. In all cases, the plots of observed 
versus predicted values plots exhibited the following characteristics: (i) slopes 
close to 1, (ii) intercepts close to 0 and (iii) R
2
 values higher than 0.99, exhibiting 
low bias and absence of systematic regression error.
39
 The models also revealed 
excellent predictive power as observed from their low RMSEC and RMSEP 
values of less than 6 %. The PLS model for both NMR and GC/MS data could 
accurately quantify the adulterated mixture of 5: 95 (w/w) of lard and beef tallow 
in canola oil. 








w/w of lard  in canola 
oil 
Training set 
4 0:100 4 0:100 
4 20:80 4 1:99 
4 50:50 4 5:95 
4 90:10 4 20:80 
4 95:5 4 50:50 
4 100:0 4 90:10 
  4 100:0 
Prediction set 
2 0:100 2 0:100 
6 5: 95 2 1:99 
6 10: 90 2 5: 95 
2 20:80 6 10: 90 
2 50:50 2 20:80 
6 80:20 2 50:50 
2 90:10 6 80:20 
2 95:5 2 90:10 
2 100:0 6 95:5 
  2 100:0 
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Table 3.3 Statistics for PLS models of adulteration of animal fats in canola oils 
using NMR and GC/MS data. 
 Beef tallow in canola oil Lard in canola oil 
 NMR GC/MS NMR GC/MS 
Number of PC 2 2 2 2 
R
2
(Y ) 0.992 0.994 0.994 0.984 
R
2
X 0.940 0.813 0.852 0.85 
Q
2
(Y) 0.987 0.994 0.991 0.991 












 0.9916 0.9944 0.9941 0.9909 
RMSEC 3.72 3.05 3.21 4.08 
RMSEP 4.11 5.01 4.58 4.45 
 
The PLS models also provide the possibility of obtaining a quantitative 
measure of the discriminating power of each variable (mass-to-charge ratio or 
chemical shift) by the means of variable importance plots (VIP). VIP is a 
weighted sum of squares of the loadings weight taking into account the amount of 
explained Y-variance (in our study animal fats in canola oil (w/w)), in each 
dimension; for a given model there will always be one VIP-vector, summarizing 
all components and Y-variables.
40
 X-variables characterized by VIP values larger 
than 1 have major importance for modeling the responses whereas variables with 
VIP values smaller than 0.5 have little or no influence on the model. For example, 
60 chemical shifts were found to have major discriminatory power between the 
canola oil and lard using the VIP (Table 3.4). The chemical shift around 0.98 and 
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2.81 ppm, which are attributed to the methyl and diacyl groups of linolenic acid 
and linoleic acid, were mainly responsible for the discrimination of canola and 
lard based on the NMR fingerprints (Figure 3.5). On the other hand, the chemical 
shift of 1.25 ppm and 5.33 ppm from the methylene groups of acyl chains and 
olefinic groups of unsaturated fatty acids contributed to the differentiation of beef 





Table 3.4 The VIP values of the chemical shifts with values greater than 1. These chemical shifts have major influence on the 
PLS model of lard adulterated in canola oil.  
No. chemical shift VIP No. chemical shift VIP No. chemical shift VIP No. chemical shift VIP 
1 2.82 1.86 16 1.35 1.82 31 2.25 1.61 46 5.94 1.29 
2 0.99 1.86 17 2.76 1.82 32 1.98 1.60 47 6.30 1.29 
3 0.96 1.86 18 1.32 1.82 33 1.89 1.57 48 2.16 1.27 
4 2.79 1.85 19 1.86 1.81 34 1.29 1.55 49 6.27 1.25 
5 1.02 1.85 20 0.81 1.81 35 5.49 1.52 50 5.22 1.24 
6 5.40 1.85 21 1.23 1.78 36 1.47 1.51 51 5.52 1.24 
7 2.01 1.85 22 1.95 1.78 37 0.84 1.51 52 5.67 1.21 
8 2.07 1.85 23 2.73 1.77 38 0.87 1.50 53 2.19 1.17 
9 1.26 1.85 24 5.43 1.76 39 5.25 1.45 54 5.46 1.14 
10 2.10 1.85 25 1.14 1.75 40 5.19 1.41 55 4.62 1.13 
11 0.69 1.84 26 0.78 1.73 41 5.28 1.39 56 2.40 1.12 
12 5.37 1.84 27 1.83 1.72 42 1.71 1.36 57 5.64 1.11 
13 5.34 1.84 28 1.38 1.72 43 1.53 1.35 58 1.56 1.09 
14 2.04 1.84 29 0.93 1.70 44 2.85 1.34 59 1.44 1.06 






Figure 3.5. The NMR spectra of beef tallow, lard and canola oil respectively. The 
regions that distinguished the differences between the type of oils and fats were 
circled in red. 
 
Specific FAMEs could be identified for the detection of adulterants using 
GC/MS data. For instance, methyl palmitate and methyl palmitoleate were 
specifically identified as the variables which contributed to distinguish lard from 
canola oil mixture. In contrast, methyl linoleate and methyl palmitate were the 
main variables that resulted in the discrimination of canola oil with beef tallow. 
3.5. Conclusion 
In the previous chapter, we have investigated the possibility of employing 
fingerprinting in combination with chemometrics to determine the identity of oils 




we extend the application of this technique by exploring the possibility of 
detection or quantification of the animal fats in canola oil. This is essential from 
the consumers’ point of view as the consumption of beef tallow and lard has been 
abhorred by the Hindus and Muslims respectively.  In addition, the prolonged 
consumption of saturated fats in animal fats by consumers might result in 
cardiovascular diseases. 
In the earlier part of this chapter, the unsupervised PCA study indicated the 
feasibility of using NMR and GC/MS fingerprints to distinguish the presence of 
lard or beef tallow adulterated in canola oils. However, more accurate evaluation 
has to be performed using predictive model such as PLS analysis., PLS models 
have been successfully utilized in the quantification of lard and beef tallow in 
canola oil with the detection limit of as low as 5 % (w/w) with RMSEC and 
RMSEP of less than 5 %. In addition, the presence of odd numbered fatty acids 
and differences in the composition of methyl plamitate and methyl linoleate were 
observed be the discriminant variables for detecting adulteration.  
The potential of using NMR and GC/MS for the detection of adulterants in 
canola oils was successfully demonstrated in this chapter. Some advantages of 
using NMR for the detection of adulterants included minimal sample preparation 
and short analysis time when compared to GC/MS. However, GC/MS has better 
sensitivity and permit the ease of identification of adulterants in food by 
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Chapter 4. Identification of herbs and 
spices via fingerprinting technique 
 
4.1. Herbs and Spices  
  Herbs and spices have been widely traded since ancient time. They are 
defined as ‘vegetable products or mixtures thereof, free from extraneous matter, 
used for flavouring, seasoning and imparting aroma in food’ by International 
Standards Organization (ISO).
1
 They are consumed in traditional Indian medicine 
such as Ayurveda, Unani and Siddha which are native to India.
2
 Table 4.1 
summarizes some of the medicinal properties of some of the spices and herbs 
which are well recognized in India for a long time.
3 
 
Table 4.1 The medicinal properties of herbs and spices in Indian traditional 
medicine. 






Antispasmodic, carminative, digestive stimulant 
Fenugreek (Trigonella 
foenumgraecum) 








Red pepper  
(Capsicum annuum) 
Anti-inflammatory, for pain relief (rheumatism/ 
neuralgia) Useful in indigestion, rubefacient 
Turmeric  
(Curcuma longa) 
Anti-inflammatory, diuretic, laxative, good for 






Herbs and spices consist of a diverse array of phytochemicals which has 
antioxidant, antimicrobial and cancer chemo-preventive properties supported by 
scientific evidences. Curcumin in turmeric extracts, for instance, has 
demonstrated to be efficacious in the reduction of post-operative inflammation
4
 
and swelling in rheumatoid arthritis
5
 in human double- blinded trial.
6
 Saffron, that 
has been used as a herbal remedy for various ailments including cancer by the 
ancient Arabian, Indian and Chinese cultures, is one of the most expensive spices. 
It takes approximately 75,000 crocus blossoms or 225,000 stigmas to produce one 
pound of the spice.
7
 Crocetin, an active ingredient of saffron, has revealed 
significant potential as an anti-tumour agent effective in cells
8
 and animal 
models.
9
 In some situation, specific compounds or active ingredients from herbs 
and spices are isolated for drug discovery. One successful application is the 





4.2. Current methods of analysis for herbs and spices  
 
With the wide usage of herbs and spices, regulatory bodies such as the 
American Spice Trade Association (ASTA) of United States and the Spice Board 




including the consumer retail markets. These organizations provide guidelines 
such as the Official Analytical methods of American Spice Trade Association to 
assess the quality of the herbs and spices.
11
 Despite the guidelines, the herbs and 
spices are highly vulnerable to adulteration as they are usually traded in powder 
forms.
12
 They are highly subjected to economic and incidental adulteration 
through admixing or substitution with cheaper and inferior materials as well as the 
addition of synthetic colorants. In most frauds, the manufacturers hope to 
maximize their profits by improving the appearance and increasing the weight of 
the herbs and spices. In 2007, Mishra and co-workers has reported the economic 
adulteration of Sudan dye in almost 66% of the 800 chilli powder samples tested 
in India.
13
 Sudan dye is added to enhance the colour of the chilli powder, which 
indicates better quality, such that they can be sold at a higher price.
14
 In reality, 
Sudan dye is classified as Group 3 genotoxic carcinogens by the International 
Agency for Research on Cancer (IARC) and is banned as food additive as it 
induces some forms of liver and bladder cancer in animals.
15
 Hence the need to 
develop reliable method for the quality control of herbs and spices is crucial.  
The identification of herbs and spices is the fundamental requirement for 
the quality control of the plant material. The morphological, organoleptic, 
deoxyribonucleic acid (DNA) or chemical profiles are some of the approaches 
utilized for identification. They are usually identified and valued based on the 






 The botanical identification is conducted based on the 
macroscopic and microscopic characteristics.
17
 Macroscopic analysis involves 
analyzing the shape, colour as well as texture of the herbs and spices while 
microscopic analysis involves the use of microscopy or magnifying glass to 
amplify the fine features of the plant materials. However, only one part of the 
plant, which is dried such as bark and leaf, is usually available resulting in 
extreme difficulty during the characterization of the plant material. Furthermore, 
the spices and herbs, which have the same cellular structure, are mostly grounded 
into powder form, making the identification of spices tougher or impossible.
17
 
Besides the use of morphological studies, organoleptic studies, compose of aroma 
and taste, has also been used to differentiate the herbs and spices. Nevertheless, 
the use of sensory organs is subjective to individuals.
16
  
Deoxyribonucleic acid (DNA) based methods, which involve the use of 
polymerase chain reaction (PCR), are used to isolate and amplify the DNA of the 
plant materials for the identification of herbs and spices. Focke et. al., for 
instance, had reported the application of whole genome amplification DNA-based 
methods for the identification of the spices.
18
 However, this method was unable to 
amplify the DNA of clove (Syzygium aromaticum) and allspice (Pimenta dioica). 
The results suggested that either degradation of DNA to short fragment during 
processing might have occurred or the presence of phenolic acids could have 
inhibited the PCR amplification.
19




 Another approach involves the determination of molecular markers or 
chemical compounds to assist in the identification of the plant material. This is 
exemplified by the methods developed by ASTA which uses the ultra-violet (UV) 
spectrophotometer for the detection of piperine in black pepper,
1
 safranal in 
saffron
20
 and curcumin in turmeric.
11
 Beside the use of spectrometric techniques, 
chromatographic analyses such as gas chromatography and liquid 
chromatography have also been utilized to quantify the specific compounds 
resulting in good sensitivity and high throughput. For instance, the use of LC 
coupled to UV detector for the quantification of four characteristic components - 
cinnamaldehyde, cinnamic acid, cinnamyl alcohol, and coumarin, were employed 
for the determination of authenticity of the cortex cinnamomi.
21
 This method was 
reported to be suitable for the detection of adulteration from the other 
Cinnamomum species. With the targeted analysis as aforementioned, the 
compounds of interest has to be known a priori and must be available in purified 
form.
22
 Currently, a large number of metabolites cannot be positively identified in 
samples using existing analytical techniques. Moreover, even for metabolites that 
can be identified, their respective purified standards are unavailable for identity 
verification. Thus, the use of non-targeted fingerprinting together with 
chemometric analysis was proposed as an alternate methodology in the 




 Moller et. al. had demonstrated the application of non-targeted 
fingerprinting by direct infusion electrospray ionisation mass spectrometry for the 
differentiation of methanolic extracts of the essential oils from the spices 
Origanum dictamnus, Origanum vulgare, Origanum majorana and Rosmarinus 
officinalis, which all belonged to the same Labiatae family.
23
 Diagnostic ions 
were obtained for the extracts of all four spices, serving as fast and reliable 
identification of these species. Hajnos et. al. had also reported the analysis of the 
volatile fraction with headspace gas chromatography mass spectrometry (GC/MS) 
to differentiate  twenty species of salvia.
24
 Some of the compounds such as β-
myrcene for Salvia lavadulifolia, β-phelandrene for Salvia verticillata, τ-terpinene 
for Salvia stepposa were considered as chemotaxonomic markers.  
In view of the complexity of the dataset acquired with untargeted analysis, 
multivariate statistical techniques are employed as they demonstrate faster and 
more precise assessment of the composition of the product.
25
 Yilmaz and 
coworkers had successfully employed the use of 
1
H NMR metabolic 
fingerprinting for the discrimination of authenticity of saffron using principal 
component analysis (PCA) modeling.
25
 The volatile profiles of Capsicum Chinese 
sp. peppers were successfully extracted via headspace/solid phase 
microextraction/gas chromatography coupled to mass spectrometry method.
26
 




tendencies of the studied varieties of pepper, as well as the identification of the 
volatile compounds responsible for discriminating the three groups. 
In view of the need to develop reliable methods, NMR and GC/MS 
fingerprinting with chemometrics were employed for the identification of the 
types of herbs and spices. Unsupervised and supervised analyses were conducted 
to differentiate and classify the herbs and spices.     
 
4.3. Materials and methods 
4.3.1.  Chemicals and materials 
Fifteen spices of three different brands which comprised of 1) ajowan 
(Carum ajowan), 2) basil (Ocimum basilicum L.), 3) green caradomm (Elattaria 
cardamomum), 4) black cardamom (Amomum subulatum), 5) black pepper (Piper 
nigrum). 6) white pepper (Piper nigrum) 7) cloves (Synzyngium aromaticum), 8) 
turmeric (Curcuma longa L.), 9) saffron (Crocus sativus L.) , 10) safflower 
(Carthamus tinctorius L.) , 11) coriander  (Coriandrum sativum L.), 12) nutmeg 
(Myristica fragrans) 13) thyme (Thymus vulgaris L.) 14) rosemary (Rosmarinus 
officinalis L.) and 15) cumin (Cuminum cyminum L.) were purchased from local 
supermarkets. The botanical origin and quality grade of all the samples were 
guaranteed by the suppliers.  
HPLC grade chloroform was acquired from Tedia (Fairfield, USA). 




purchased from Cambridge Isotope Laboratories (Andover, MA, USA). Custom 
retention time index, which consisted of C7 to C32 hydrocarbon chains, were 
acquired from Restek (Bellefonte, USA) to generate the retention index for the 
GC/MS analysis of herbs and spices. Deionized water (18.2 MΩ at 25 ˚C) was 
collected from a Direct Q-UV water system (Millipore, Bedford, MA, USA). 
 
4.3.2. Analysis of herbs and spices with NMR 
1 ml of chloroform was added to 0.2 g of blended spices and sonicated in 
ice bath for an hour. After sonication, the samples were centrifuged for 10 min at 
14000 rpm. 295 μl of supernatant was then transferred into 5 mm NMR tubes 
consisting of 355 μl of CDCl3 with TMS for NMR analysis. 
1
H NMR spectra was 
acquired at 500.1 MHz observation frequency using a Bruker AMX500 at 298 K 
with solvent suppression. 96 transients were collected with the acquisition 
parameters as followed: time domain 32 K, spectral width of 13.00 ppm, 
acquisition time of 2.2 s and relaxation delay of 2 s.  Prior to Fourier 
transformation, exponential multiplication (line broadening with 0.3 Hz) and 
linear prediction were performed on each FID and each spectrum was auto-phased 
and baseline corrected manually. Tetramethylsilane (TMS) with chemical shift at 
0.00 ppm was used as a reference for calibration. TopSpin 1.3 (2005) and Amix-
Viewer 3.7.7 (2006) software from Bruker BioSpin GMBH (Rheinstetten, 




black pepper was analyzed by NMR before the analysis of other samples to 
ensure that the instrument was in working condition. Seven replicate analyses 
were conducted for each individual brand of herbs and spices. The spectra of 
individual brand herbs and spices are shown in Appendix 14. The spectra were 
normalized to total intensity over the region of 0.10 to 11.00 ppm with the 
exclusion of 7.20 to 7.40 ppm, which was associated with residual chloroform. 
The region of interest of the NMR spectra was binned into 0.03 ppm wide 
buckets. The data table generated composed of 430 variables and 315 
observations were used for pattern recognition.  
4.3.3. Analysis of herbs and spices with GC/MS 
1 ml of chloroform was added to 0.2 g of blended spices and sonicated in 
ice bath for an hour. After sonication, the samples were centrifuged for 10 min at 
14000 rpm. Upon extraction with chloroform, the supernatant was transferred into 
amber vials for GC/MS analysis. Seven replicate were prepared for each brand of 
herbs and spices.. Analysis was performed with Shimadzu GC/MS-QP2010 Plus 
system equipped with AOC20i+s auto sampler (Shimadzu Corporation, Kyoto, 
Japan). The mass spectra were obtained in electron ionization mode at 70 eV. Full 
scan mass spectra were acquired in the mass range of 45–500 Da with a 1.5-min 
solvent delay. Separations were performed on a DB5-MS capillary column (J&W 
Scientific, Folsom, USA, 30 m length; 0.25 mm I.D.; 0.25 µm film thickness; 




carrier gas at 1 ml min
-1. 1 μl of the sample solution was injected at a split ratio of 
1:20. The injection temperature was fixed at 280 C. For this experiment, the 
following GC oven temperature programming settings, with a total analysis time 
of 21 min, were used: an initial temperature of 40 °C for 2 min, increased to 320 
°C at a rate of 20 °C min
-1
 followed by staying isothermal for 5 min at 320 °C. 
Data was acquired with the GC/MS Solution software (Shimadzu Corporation, 
Kyoto, Japan). The chromatograms of individual brand herbs and spices are 
shown in Appendix 15. Prior to the analysis of samples, a hydrocarbon standard, 
which consisted of different alkyl chains, was injected and was analyzed with the 
same temperature program as that of the samples for quality control. Each 
compound was identified by comparing its retention indices (RIs) and matching 
its acquired mass spectral fragmentation patterns to the National Institute of 
standards and technology (NIST) library. All data were converted to the network 
Common Data Form (netCDF) files. The open source software, MetAlign 
(www.metalign.nl.) was employed for pre-processing of the raw GC/MS data 
which incorporated the baseline corrections, peak-picking, saturation and mass-
peak artifact filtering, as well as alignment of data sets. 
27
 The MetAlign software 
facilitated the conversion of the three dimensional data, consisting of mass-to-
charge ratio, retention time and intensity, to a two-dimensional data set of 




processing, the data, which consisted of 12080 variables and 270 observations, 
were subjected to multivariate analysis. 
4.3.4. Multivariate data analysis 
Data analysis was performed using multivariate statistical analyses using 
SIMCA P+ version 12 software (Umetrics, Sweden). The principal component 
analysis (PCA), unsupervised models, and supervised models: soft independent 
modeling of class analogy (SIMCA), partial least squares discriminant analysis 
(PLS-DA) and orthogonal projection to latent structures discriminant analysis 
(OPLS-DA) were utilized for the discrimination and classification of spices and 
herbs. 
 NMR and GC/MS results of each type of herbs and spices were subjected 
to principal component analysis (PCA) with 97.5% Hotelling T2 individually to 
detect outliner (Appendix 16 and 17).
 
The outliers which lie in the area outside the 
confidence ellipse were excluded. 6 NMR or GCMS data sets were eventually 
selected for each brand of herbs and spices to be employed as training and 
prediction sets. The mean, standard deviation and relative standard deviation are 
shown in Appendix 18. Less than 10% relative standard deviations were achieved 





One hundred twenty samples comprising of 4 samples from 2 brands of 
spices and herbs were randomly selected and subjected to PCA analysis.  For the 
discriminant analysis, the entire dataset for the identification of spices and herbs 
was divided into training and prediction sets for external validation after pre-
processing of the data with MetAlign and Amix. The training and prediction set 
for NMR and GC/MS data composed of 120 and 150 samples respectively as 
shown in Figure 4.1.  
 
Figure 4.1 The division of the data to training and prediction set. 
 
The model diagnostics were summarized by the goodness of fit, R
2
, while 
the prediction goodness parameter, Q
2
 of cross-validation (CV), was used to 
estimate the predictive ability of the model. Cross validation was done by 
dividing the data into 7 parts and each 1/7
th
 was removed. A model was built on 
the 6/7
th
 data left in and the left out data were predicted from the new model. This 
was repeated with each 1/7
th
 of the data until all the data had been predicted. The 




ability, the root mean square error of calibration (RMSEC refers to the percentage 
of the members of the training set correctly classified) and predictive ability, the 
root mean square error of prediction (RMSEP refers to the percentage of the 
members of the test set correctly classified by using the rules developed in the 




4.4.1. Visual inspection of spectra and assignments of the compounds 
 
 A simple solid-liquid extraction technique with chloroform was employed 
to extract terpenes, such as thymol from the herbs and spices, prior to NMR and 
GC/MS analyses. Chloroform was selected as the choice of solvent because of its 
compatibility with both techniques. In addition, deuterated chloroform is cheaper 
than deuterated water, and hence, reducing the cost of reagents for NMR analysis.  
The NMR spectra acquired were different for each type of herbs and 
spices as shown in Figure 4.2. In the pepper family, resonance peak attributed 
from the piperine standard was observed in the white and black pepper family 
whereas the cumin was demonstrated to have similar chemical shift as 
cuminaldehyde standard. For all the NMR spectra, the aliphatic protons and the 
protons which were attached to the aldehyde functional group were the region of 




which resided at approximately 7.26 ppm, would affect the intensity of the signal 
around this region. (Figure 4.2)  The suppression of the chloroform peak was 
essential to avoid baseline perturbation due to the overwhelming deuterated 
chloroform resonance.
28









Figure 4. 2 NMR spectra of (a) piperine standard, (b) black pepper and white 
pepper, (c) cuminaldehyde standard 
150
 and (d) cumin. 
For GC/MS analysis, derivatization of the less volatile compounds such as 
amine and carboxylic acids was avoided as it might yield more than one 
derivative or artifacts, leading to complicated analysis.
30
 Thus, the direct analysis 
of the supernatant was employed with the advantage of simple sample preparation 
and short sample preparation time. Unlike NMR, which could only detect the non-
polar compounds, the GC/MS could detect and identify the non-polar and volatile 
constituents with the aid of the retention index and NIST library for GC/MS 




chromatogram such as safranal in saffron were in agreement with the previous 
publications.   
Table 4.2 Some of the volatile components of the herbs and spices identified with 
retention index and NIST library.  
Herbs and 
spices 
Family Part of the 
plant 
Volatile compounds detected 
in the  GC/MS 
chromatogram 
References 
























Basil Lamiaceae Leaf -Linalool, Estragole 














Zingiberaceae Fruit Eucalyptol, α-Terpineol 
































4.4.2. Data processing and exploratory data analysis 
For data analysis, chemometrics was introduced to handle the large 
number of data instead of differentiating the chromatograms and spectra visually. 
Data processing such as binning and alignment of peaks was required to convert 
the spectra and chromatograms to the table consisting of intensity, bin width or 
mass at a specific retention time as mentioned in the experimental procedure. The 
combination of using either NMR or GC/MS data with chemometric studies 
provided an advantage of reducing the time required for identification of herb and 
spices. In addition, 
1
H NMR fingerprinting was able to overcome the assignment 
problem of compounds in complex mixtures due to overlapping signals without 
the identification of the metabolites to be the primary task.
42
 On the other hand, 
the sensitivity of the GC-MS, in combination with the chromatographic separation 
and MS databases enabled the identification of compounds in complex mixtures. 
In order to evaluate the differences in the acquired 
1
H NMR spectra and 
GC/MS total ion chromatograms, principal component analysis (PCA-NMR and 
PCA-GC/MS) was adopted. (Figure 4.3 and 4.4) It was an unsupervised clustering 
method which required no knowledge of the data set being applied as it acted to 
reduce the dimensionality of multivariate data while preserving most of the 
variances as it was carried out on the pre-processed. From the NMR and GC/MS 
dataset, the principal components, which had eigenvalues higher than 1, were 
extracted.
43




components (PCs) for PCA-NMR and PCA-GC/MS respectively. Examination of 
the score plot of NMR also showed distinct separation between 15 herbs and 
spices with excellent R
2
X cumulative, NMR and Q
2
X cumulative, NMR of 99.5% and 88.3% 
respectively. (Figure 4.3) Unlike the NMR data, unsatisfactory differentiation 
between herbs and spices were observed in the GC/MS score plot (Figure 4.4) 
even though good R
2
X cumulative, GC/MS and Q
2
X cumulative, GC/MS of 86.7% and 80.8% 
were achieved. Comparing the score plot of NMR and GC/MS, tighter clustering 
within each type of herbs and spices was observed for the former, indicating 
lower sample variability between replicates for NMR data as compared to the 
GC/MS data.   
Both PCA-NMR and PCA-GC/MS had demonstrated the capability of 
distinguishing herbs and spice of the same family which was illustrated by the 
clear separation between the lamiaceae family that composed of basil, rosemary 
and thyme. Besides, the score plots were also able to differentiate the time of 
harvest of the Piper tuberculatum plant and the different modes of processing. 
Black pepper was produced from green unripe berries of the pepper plant and the 
fruits were dried after a hot treatment that released browning enzymes from the 
cell walls. On the contrary, the white pepper was obtained when fully ripe berries 
were dried with the outer pericarp removed.  Contribution plots were employed to 
further interpret the differences observed in the scores plot, and to depict the 
changes in variables (e.g. chemical shift) between two samples.
44




line diagrams, they resembled NMR spectra and were able to depict spectra of 
compounds responsible for the differences between chosen samples. Comparing 
black pepper and white pepper samples, the contribution plot indicated that 
increase in the intensity of NMR signal of an unknown compound around 0.98 
ppm and a decrease in 1.60 ppm and 6.00 ppm of piperine as depicted in Figure 
4.5. On the other hand, black pepper had several higher abundance mass-to charge 
ratio: 3-Carene (m/z 68 at 5.00 min), α–pinene (m/z 93 and 91 at 4.2 min), -
pinene (m/z 91 and 93 at 4.7 min) compared to white pepper. Relative to black 
pepper, lower composition of piperine (m/z of 261 at 15.5 min) was determined in 
white pepper with both analytical techniques.  
The PCA score plots also visualized the similarities and dissimilarities 
between the samples. Coriander was located away from the herbs and spices in 
the score plot of NMR. The loadings plot as shown in Figure 4.6a identified the 
chemical shift of 1.28 ppm which belonged to the linalool of coriander as an 
influential variable which led to the deviation of coriander at PC1. On the other 
hand, the eugenol of cloves (Figure 4.6b) and piperine of white pepper and black 
pepper with the chemical shift at 3.87 ppm and 1.58 ppm respectively resulted in 
the differentiation at PC2.  
The score plot of GC/MS data revealed that the nutmeg extracts were 
different from the rest of the herbs and spices.  By superimposing the score plot 




pinene, 111 at 6.74 min of cis-piperitol as well as 192 at 8.8 min of myristicin, 
which were observed in the right lower quadrant of the loadings plot, as the 
influential variables unique to nutmeg.  In contrast, rosemary and green 
cardamom, which were located the right upper quadrant of the score plot, 
exhibited similarity in their chemical composition due to the presence of limonene 














Figure 4.4 PCA Score plot of GC/MS data with t[1] and t[2] explaining approximately 25.6% and 12.1% variation for first PC 















Figure 4.6 The figure illustrated the (a) loadings plot of NMR data and (b) the 












4.4.3. Identification of unknown herbs and spices samples with supervised 
models  
The data were selected randomly and subdivided into training and 
prediction set before constructing of chemometric classification models such as 
SIMCA, PLS-DA and OPLS-DA.  Upon construction of the model with training 
set, the prediction set samples were re-projected into the supervised models to 
check whether they could be classified with respect to the training set samples. 
The supervised models for both GC/MS and NMR data had relatively good 
goodness of fit and validity except for SIMCA models as summarized in Table 




X, the SIMCA models had poor classification value 
due to the difference in the residual variance of the training set from the average 
residual variance of the model set.
45
 It was evident that the PLS-DA-of NMR and 
GC/MS data exhibited better recognition and prediction accuracy as compared to 
SIMCA and OPLS-DA as in Tables 4.4 and 4.5. The PLS-DA for both NMR and 
GC/MS data had achieved a satisfactory low level of RMSEC and RMSEP 
ranging from 0.01 to 0.15. 
Besides providing classification data, the variable importance in the 
projection (VIP) was applied. It provided values which reflected the influence of 
every variable on the classification.
46
 Variables with a VIP value greater than 1 
had above average influence on the explanation of the Y matrix (classification). In 




3.80 ppm, had significant effect on the classification since they had VIP greater 
than 2. For GC/MS analysis, only VIP with values ranging from 8 to 11 were 
taken into consideration  as there were large number of variables with VIP greater 
than 1. The m/z selected was tentatively identified (with the similarity more than 
80) by using NIST database. The m/z 135 at 7.3 min which was attributed to 
carvol of nutmeg, thymol from thyme and ajowan, m/z 150 at 6.4 min belonging 
to borneol from thyme as well as m/z 71 at 5.2 min due to eucalyptol of green and 






Table 4.3 The statistics for the supervised models. 
   
NMR 























        
Ajowan 3 0.991 
 
0.969 3 0.93 
 
0.768 
Basil 1 0.872 
 
0.829 3 0.951 
 
0.861 
Black cardamom 3 0.897 
 
0.561 2 0.905 
 
0.820 
Black pepper 2 0.85 
 
0.696 3 0.92 
 
0.768 
Cloves 1 0.71 
 
0.552 3 0.824 
 
0.495 
Coriander 3 0.951 
 
0.769 3 0.968 
 
0.913 
Cumin 3 0.963 
 
0.840 3 0.925 
 
0.710 
Green cardamom 3 0.991 
 
0.961 3 0.898 
 
0.783 
Nutmeg 3 0.966 
 
0.895 1 0.479 
 
0.287 
Turmeric 2 0.869 
 
0.750 2 0.808 
 
0.548 
Thyme 3 0.989 
 
0.975 3 0.948 
 
0.850 
White pepper 3 0.965 
 
0.853 3 0.909 
 
0.712 
Rosemary 3 0.969 
 
0.898 3 0.894 
 
0.691 
Safflower 3 0.952 
 
0.847 2 0.863 
 
0.696 
Saffron 3 0.964 
 
0.886 3 0.949 
 
0.778 
PLS-DA 20 0.991 0.975 0.963 21 0.88 0.966 0.900 




Table 4.4 Recognition and prediction data for SIMCA, PLS-DA and OPLS-DA models using NMR data. 





% Correctly classified 
Member
s 























Ajowan 8 100 100 100 10 30 100 100 0.047 0.096 0.079 0.117 
Basil 8 87.50 100 100 10 0 100 100 0.044 0.091 0.079 0.084 
Black 
cardamom 
8 87.50 100 100 10 40 100 100 0.038 0.070 0.045 0.067 
Black pepper 8 87.50 100 100 10 10 100 100 0.063 0.125 0.065 0.125 
Cloves 8 100 100 100 10 30 100 100 0.009 0.024 0.009 0.024 
Coriander 8 87.50 100 100 10 10 100 100 0.038 0.109 0.067 0.100 
Cumin 8 87.50 100 100 10 40 100 100 0.048 0.076 0.054 0.077 
Green 
cardamom 
8 87.50 100 100 10 20 100 100 0.041 0.052 0.038 0.055 
Nutmeg 8 87.50 100 100 10 30 100 100 0.022 0.060 0.025 0.059 
Turmeric 8 75 100 100 10 20 100 100 0.047 0.051 0.050 0.050 
Thyme 8 87.50 100 62.50 10 20 100 20 0.042 0.069 0.091 0.135 
White pepper 8 87.50 100 100 10 40 100 100 0.067 0.106 0.068 0.105 
Rosemary 8 87.50 100 100 10 30 100 100 0.030 0.055 0.037 0.072 
Safflower 8 100 100 100 10 0 100 100 0.044 0.093 0.065 0.106 
Saffron 8 75 100 100 10 30 100 100 0.042 0.098 0.065 0.082 





Table 4.5 Recognition and prediction data for SIMCA, PLS-DA and OPLS-DA models using GC\MS data.  





% Correctly classified 
Member
s 























Ajowan 8 100 100 100 10 30 100 100 0.062 0.048 0.069 0.052 
Basil 8 100 100 100 10 20 100 100 0.043 0.076 0.090 0.111 
Black 
cardamom 
8 100 100 87.50 10 60 100 70 0.064 0.118 0.129 0.132 
Black pepper 8 100 100 50 10 20 100 20 0.031 0.070 0.116 0.138 
Cloves 8 100 100 100 10 20 100 100 0.017 0.055 0.028 0.055 
Coriander 8 87.50 100 0 10 20 100 0 0.074 0.171 0.239 0.225 
Cumin 8 100 100 100 10 20 100 100 0.059 0.088 0.061 0.093 
Green 
cardamom 
8 62.50 100 50 10 20 100 80 0.028 0.048 0.111 0.078 
Nutmeg 8 100 100 100 10 0 100 100 0.021 0.055 0.072 0.057 
Turmeric 8 100 100 100 10 30 100 100 0.026 0.031 0.031 0.035 
Thyme 8 87.50 100 100 10 40 100 100 0.060 0.068 0.096 0.104 
White pepper 8 75 100 100 10 30 100 100 0.041 0.107 0.106 0.159 
Rosemary 8 87.50 100 87.50 10 20 100 100 0.042 0.036 0.085 0.057 
Safflower 8 100 100 50 10 20 100 80 0.050 0.038 0.092 0.068 
Saffron 8 87.50 
87.5
0 
87.50 10 50 100 100 0.087 0.094 0.110 0.094 
Total 120 92.50 
99.1
7 






4.5. Conclusion  
The identification of spices is usually conducted based on sensory 
inspections of the appearance, taste and aroma which are subjective and 
erroneous. Upon processing of the plant materials, the physical appearance and 
the aroma might change making the identification of the plant material tougher. 
This issue has to be addressed especially with the gaining popularity of Indian 
traditional medicine in which different type of spices are mixed and prescribed to 
the consumers.   
In this chapter, both 
1
H NMR spectroscopy and GC/MS had proven to be 
useful for fingerprinting of herbs and spices which resulted in different chemical 
fingerprints for different herbs and spices. These analyses, in combination with 
chemometrics such as PCA, had shown good separation between 15 types of 
herbs and spices with relatively goodness of fit and validity.  Supervised models, 
for example, PLS-DA, had demonstrated the superior reliability of as high as 
100% in identifying the botanical origin of the herbs and spices. Low RMSEC 
and RMSEP were achieved for both NMR and GC/MS data. These NMR and 
GC/MS data models offered the possibility of building a characteristic library for 
identification of unknown herbs and spices as well as other samples such as fats 




chemometrics will be a useful technique for many areas of applications such as 
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Chapter 5. Conclusion and future work 
 
 With the increase in the incidence of food frauds, new methodologies 
have to be developed to cater to the need of the regulatory bodies and 
manufacturers to ensure food safety and quality control. The applications of the 
fingerprinting technique in combination with chemometrics were successfully 
employed in this work as an alternative to traditional methods such as 
quantification of the FAME in oil samples. 
  Chapter 2 illustrated the successful application of NMR and GC/MS 
fingerprints for differentiating various types of oils and fats with the PCA models 
which reduced the cost of analysis as standards of FAMEs are not required, unlike 
the routine method of analysis of FAMEs with GC-FID. In addition, discriminant 
analyses in particular to PLS-DA were able to classify accurately (with 100 % 
classification level) the unknown oil and fats samples with low RESEC and 
RMSEP values, illustrating the possibility of creating a database of oils and fats 
for commercial application with the NMR or GC/MS fingerprints. This technique 
can be further extended to other applications for the identification of plant or 
animal species. 
 The possibility of using NMR and GC/MS fingerprints to detect the 




PCA and Cooman’s plot. Both techniques were able to distinguish the presence of 
low level of animal fats in canola oil. Unlike the use of traditional calibration 
curve which used specific area of a particular peak or region, PLS regression 
offered the alternative to use the whole spectrum or chromatogram for 
quantification. PLS using NMR and GC/MS fingerprint were employed for the 
quantification of the animal fats in canola oils with the detection limit of as low as 
5% (w/w) with RMSEC and RMSEP of less than 5%. This chapter demonstrated 
the success of using fingerprinting and chemometrics for the detection of 
adulterants as well as the quantification of adulterants in food. 
 In Chapter 4, the differentiation and identification of fifteen types of herbs 
and spices were conducted with the combination of NMR and GC/MS 
fingerprints and chemometric models. PLS-DA-GC/MS and PLS-DA- NMR had 
shown to outperform SIMCA and OPLS-DA with relatively high classification 
values for the unknown samples with correspondingly low RMSEE and RMSEP 
values, demonstrating the option of creating a database of herbs and spices. This 
illustrated the viability of extending the fingerprinting in combination with 
chemometrics not only for oils and fats but also many other kinds of samples. 
In conclusion, both NMR and GC/MS techniques in combination with 
chemometrics techniques had demonstrated to have similar capability in the 
identification of the types of oils and fats as well as the herbs and spices. 




employed. Generally, the NMR analysis required shorter analysis time as 
compared to GC/MS. However unlike NMR, GC/MS provided the possibility of 
matching the spectra for identification of unknown compounds if necessary. Four 
database have been constructed: 1) identification of oils and fats, 2) quantification 
of beef tallow in canola oil, 3) quantification of lard in canola oil and 4) 
identification of herbs and spices. 
Further work can be conducted by employing the fingerprinting 
techniques for the building of other databases that can aid in identifying the 
various species and the geographical origin of various food products. For 
example, the intensity of specific region was acquired using UV 
spectrophotometer to indirectly measure the composition of picocrocine, safranal 
and crocine present. The saffron of better grade consists of higher composition of 
these compounds. An alternative approach would be to utilize the application of 
fingerprinting technique using the whole chromatogram acquires from the liquid 
chromatography time-of-flight mass spectrometer to determine the grade of the 
saffron. With this technique, the purchase of expensive standards can be avoided. 
In addition, the presence of adulteration such as safflower in the saffron can also 
be determined using fingerprinting technique and chemometric studies. 
Fingerprinting technique can also be applied for in-vitro studies and in-vivo 
studies. Some examples included the addition of the active ingredient of the 




properties of the spices and the use of animal models to investigate the effects of 






Appendix 1 NMR spectra of oil and fats 
(a) Soya bean   




(b) Soya bean analysis on 2 different days   
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(d) Sunflower   
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(e) Rice bran 
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(g) Olive oil   
   






(i) Peanut   
   










   
(k) Chicken fat   





 (m) Mutton tallow   
   








 (o) Coconut   
   







Appendix 2 GC/MS chromatograms of oils and fats 
 
(a) Soya bean   
Brand A Brand B Brand C 
   
(b) Soya bean analysis on 2 different days   







(c) Corn   




(d) Sunflower   
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 (e) Rice bran   
Brand A Brand B Brand C 
 
  
(f) Extra virgin olive oil   
Brand A Brand B Brand C 




(g) Olive oil   
Brand A Brand B Brand C 
   
(h) Canola   
Brand A Brand B Brand C 




(i) Peanut   
Brand A Brand B Brand C 
  
 
(j) Lard   






 (k) Palm   
Brand A Brand B Brand C 
  
 
(k) Chicken fat   
Brand A Brand B Brand C 




 (m) Mutton tallow   
Brand A Brand B Brand C 
 
  
(n) Beef tallow   
Brand A Brand B Brand C 




(o) Coconut   
Brand A Brand B Brand C 







Appendix 3 The application of 97.5% Hotelling T2 with PCA to detect outliner for NMR 
dataset of oils and fats 
 
(a) Soya bean 
 














 (e) Rice bran 
 






















 (k) Palm 
 






 (m) Mutton tallow 
 




















Appendix 4 The application of 97.5% Hotelling T2 with PCA  to detect outliner for 
GC/MS dataset of various oils and fats. 
 
(a) Soya bean 
 

























(e) Rice bran 
 
































































m) Mutton tallow 
 


















Appendix 5 Mean, standard deviation and relative standard deviation of the NMR and GC/MS dataset  of oils and fats 
























Soya bean oil A 4.22E+09 1.38E+08 3.27 1.88E+08 1.58E+07 8.38 
  B 4.30E+09 2.78E+08 6.46 5.41E+07 1.90E+06 3.51 
  C 4.56E+09 1.42E+08 3.11 5.82E+07 4.03E+06 6.92 
Day 2 A 4.44E+09 1.96E+08 4.41 1.51E+08 8.03E+06 5.33 
Day 3 A 4.04E+09 2.60E+08 6.45 1.69E+08 1.16E+07 6.84 
Corn oil A 4.51E+09 1.52E+08 3.37 1.60E+08 1.45E+06 0.90 
  B 4.39E+09 1.61E+08 3.67 1.57E+08 6.33E+06 4.03 
  C 4.49E+09 8.78E+07 1.96 1.64E+08 1.91E+06 1.17 
Sunflower oil A 4.44E+09 1.87E+08 4.20 5.18E+07 1.92E+06 3.70 
  B 4.52E+09 1.68E+08 3.73 4.83E+07 4.80E+06 9.94 
  C 4.47E+09 1.59E+08 3.56 5.53E+07 1.71E+06 3.10 
Rice bran oil A 4.35E+09 2.01E+08 4.62 6.93E+07 4.95E+06 7.15 
  B 4.29E+09 1.38E+08 3.21 6.90E+07 5.82E+06 8.45 
  C 4.48E+09 1.71E+08 3.82 7.13E+07 6.93E+06 9.72 
extra virgin olive oil A 4.38E+09 1.52E+08 3.48 1.40E+08 8.49E+06 6.06 
  B 4.59E+09 3.95E+07 0.86 6.59E+07 4.44E+06 6.74 
  C 4.33E+09 1.32E+08 3.05 6.08E+07 4.28E+06 7.04 
olive oil A 4.40E+09 1.33E+08 3.03 1.33E+08 1.23E+07 9.25 
  B 4.48E+09 1.85E+08 4.12 1.69E+08 6.28E+06 3.73 
  C 4.45E+09 1.70E+08 3.82 1.26E+08 1.10E+07 8.73 
canola oil A 4.50E+09 1.83E+08 4.07 1.48E+08 6.92E+06 4.67 
  B 4.53E+09 1.67E+08 3.68 1.42E+08 3.64E+06 2.55 




peanut oil A 4.43E+09 9.94E+07 2.24 1.10E+08 7.33E+06 6.66 
  B 4.55E+09 1.07E+08 2.35 1.29E+08 1.18E+07 9.13 
  C 4.00E+09 1.45E+08 3.62 1.32E+08 8.24E+06 6.23 
palm oil A 4.33E+09 1.99E+08 4.59 1.25E+08 9.90E+06 7.93 
  B 4.65E+09 2.50E+08 5.38 1.23E+08 8.62E+06 7.01 
  C 4.36E+09 1.41E+08 3.24 1.18E+08 1.07E+07 9.11 
coconut oil A 4.43E+09 3.35E+08 7.56 1.89E+08 2.89E+06 1.53 
  B 4.13E+09 3.08E+08 7.46 1.74E+08 5.97E+06 3.43 
  C 4.28E+09 8.95E+07 2.09 1.87E+08 4.00E+06 2.13 
chicken fat A 4.45E+09 1.73E+08 3.88 2.54E+08 1.44E+07 5.68 
  B 3.43E+09 1.30E+08 3.79 8.52E+07 5.62E+06 6.60 
  C 4.05E+09 1.73E+08 4.27 2.64E+08 4.56E+06 1.72 
lard  A 3.77E+09 1.52E+08 4.03 2.86E+08 7.66E+06 2.68 
  B 4.40E+09 1.72E+08 3.92 2.49E+08 8.74E+06 3.52 
  C 4.43E+09 1.86E+08 4.19 2.34E+08 6.60E+06 2.81 
mutton tallow A 4.50E+09 1.85E+08 4.11 2.85E+08 1.72E+07 6.03 
  B 4.54E+09 2.21E+08 4.87 2.75E+08 9.58E+06 3.48 
  C 5.65E+09 2.74E+08 4.86 3.11E+08 8.02E+06 2.58 
Beef tallow A 4.52E+09 2.30E+08 5.08 1.65E+08 7.57E+06 4.58 
  B 4.22E+09 2.21E+08 5.24 2.22E+08 9.44E+06 4.25 





Appendix 6 NMR spectra of lard in canola oil and beef tallow in canola oil  
 
(a) Pure canola oil (0 %) (b) 0.1 % lard adulterated in canola oil (c) 0.5 % lard adulterated in canola oil 
  
 






(g) 20% lard adulterated in canola oil  (h) 50% lard adulterated in canola oil  (i) 80 % lard adulterated in canola oil 
 
  











(o) 0.1 % beef tallow  adulterated in canola 
oil 
(p) 0.5 % beef tallow  adulterated in 
canola oil 







(r) 5% beef tallow  adulterated in canola oil (s) 10% beef tallow  adulterated in canola 
oil 




(u) 50 % beef tallow  adulterated in canola oil (v) 80% beef tallow  adulterated in canola 
oil 







(x) 95 % beef tallow  adulterated in canola oil (y) 99 % beef tallow  adulterated in 
canola oil 
(a1) 99.5 % beef tallow  adulterated in 
canola oil 
   








Appendix 7 GC/MS chromatograms of lard in canola  oil and beef tallow in canola oil 
 











(g) 20% lard adulterated in canola oil (h) 50% lard adulterated in canola oil (i) 80 % lard adulterated in canola oil 
   










(o) 0.1% beef tallow  adulterated in canola 
oil 
(p) 0.5% beef tallow  adulterated in canola 
oil 
(q)1% beef tallow  adulterated in canola 
oil 




(r) 5% beef tallow  adulterated in canola 
oil 
(s) 10% beef tallow  adulterated in canola 
oil 




(u) 50 % beef tallow  adulterated in canola 
oil 
(v) 80 % beef tallow  adulterated in canola 
oil 







(x) 95 % beef tallow  adulterated in canola 
oil 
(y) 99 % beef tallow  adulterated in canola 
oil 
(z) 99.5 % beef tallow  adulterated in 
canola oil 
   
(a1) 99.9 % beef tallow  adulterated in 
canola oil 







Appendix 8 The application of 97.5% Hotelling T2 with PCA to detect outliner for NMR 
data of lard adulterated in canola oil. 
 
(a) Pure canola oil (0 %) (b) 0.1 % lard adulterated in canola oil 
 
 
(c) 0.5 % lard adulterated in canola oil (d) 1 % lard adulterated in canola oil 
  





















(g) 20% lard adulterated in canola oil (h) 50% lard adulterated in canola oil 
 
 
(i) 80 % lard adulterated in canola oil (j) 90 % lard adulterated in canola oil 
  
(k) 95 % lard adulterated in canola oil (l) 99 % lard adulterated in canola oil 
  







Appendix 9 The application of 97.5% Hotelling T2 with PCA  to detect outliner for 
GC/MS data of lard adulterated in canola oil. 
(a) Pure canola oil (0 %) (b) 0.1 % lard adulterated in canola oil 
 
 
(c) 0.5 % lard adulterated in canola oil (d) 1 % lard adulterated in canola oil 
  
(e) 5 % lard adulterated in canola oil (f) 10 % lard adulterated in canola oil 
 
 







(i) 80 % lard adulterated in canola oil 
 
 (j) 90 % lard adulterated in canola oil 
  
(k) 95 % lard adulterated in canola oil (l) 99 % lard adulterated in canola oil 
  
(m) 99.5 % lard adulterated in canola oil (n) 99.5 % lard adulterated in canola oil 
  






Appendix 10 The application of 97.5% Hotelling T2 with PCA  to detect outliner for 
NMR dataset of beef adulterated in canola oil. 
(a) Pure canola oil (0%) (b) 0.1% beef adulterated in canola oil 
  
(c) 0.5% beef adulterated in canola oil (d) 1% beef adulterated in canola oil 
 
 























(g) 20% beef adulterated in canola oil (h) 50% beef adulterated in canola oil 
  
(i) 80% beef adulterated in canola oil (j) 90% beef adulterated in canola oil 
 
 
(k) 95% beef adulterated in canola oil (l) 99% beef adulterated in canola oil 
 
 






Appendix 11 The application of 97.5% Hotelling T2 with PCA to detect outliner for 
GC/MS dataset of beef adulterated in canola oil. 
 
(a) Pure canola oil (0%) (b) 0.1% beef adulterated in canola oil 
  
(c) 0.5% beef adulterated in canola oil (d) 1% beef adulterated in canola oil 
  





(g) 20% beef adulterated in canola oil (h) 50% beef adulterated in canola oil 
  
 (i) 80% beef adulterated in canola oil  (j) 90% beef adulterated in canola oil 
  
(k) 95% beef adulterated in canola oil (l) 99% beef adulterated in canola oil 
 
 
















Appendix 12 Mean, standard deviation and relative standard deviation of the NMR and 


























0 4.39E+09 1.66E+08 3.77 1.48E+08 6.92E+06 4.67 
0.1 4.27E+09 1.77E+08 4.14 1.91E+08 7.18E+06 3.76 
0.5 4.69E+09 1.4E+08 2.99 1.96E+08 5.65E+06 2.87 
1 4.71E+09 3.93E+08 8.36 1.96E+08 5.04E+06 2.57 
5 5.25E+09 3.04E+08 5.79 2.04E+08 5.29E+06 2.59 
10 4.53E+09 2.09E+08 4.61 1.87E+08 5.11E+06 2.73 
20 4.5E+09 1.02E+08 2.27 1.86E+08 1.80E+06 0.97 
50 4.4E+09 2.72E+08 6.18 1.96E+08 9.91E+06 5.04 
80 4.38E+09 1.92E+08 4.38 2.01E+08 7.70E+06 3.83 
90 4.38E+09 1.92E+08 4.38 2.33E+08 6.21E+06 2.66 
95 4.3E+09 1.76E+08 4.09 2.42E+08 4.45E+06 1.84 
99 4.46E+09 1.03E+08 2.31 2.43E+08 3.56E+06 1.46 
99.5 4.73E+09 1.83E+08 3.87 2.21E+08 5.90E+06 2.67 
99.9 
   
2.19E+08 4.18E+06 1.91 





Appendix 13 Mean, standard deviation and relative standard deviation of the NMR and 




























0 4.52E+09 1.72E+08 3.82 1.48E+08 6.32E+06 4.27 
0.1 4.79E+09 3.88E+08 8.11 2.00E+08 7.92E+06 3.95 
0.5 5.14E+09 4.11E+08 8.01 2.23E+08 3.38E+06 1.52 
1 5.46E+09 2.23E+08 4.08 2.18E+08 6.59E+06 3.02 
5 5.49E+09 1.99E+08 3.62 2.06E+08 6.51E+06 3.15 
10 5.54E+09 2.27E+08 4.10 2.21E+08 2.47E+06 1.12 
20 4.32E+09 1.21E+08 2.79 2.23E+08 2.12E+06 0.95 
50 5.54E+09 2.71E+08 4.90 2.22E+08 1.05E+07 4.73 
80 5.59E+09 1.06E+08 1.89 2.32E+08 7.13E+06 3.08 
90 5.59E+09 1.83E+08 3.28 2.34E+08 1.13E+07 4.81 
95 4.31E+09 1.36E+08 3.15 2.19E+08 5.38E+06 2.46 
99 4.25E+09 2.79E+08 6.56 2.22E+08 4.55E+06 2.06 
99.5 4.23E+09 2.53E+08 5.98 2.13E+08 1.15E+07 5.40 
99.9 5.23E+09 3.30E+08 6.31 2.19E+08 8.55E+06 3.90 





Appendix 14 NMR spectra of herbs and spices. 
 
(a) Ajowan   




(b)Basil   
Brand A Brand B Brand C 




(d) Black cardamom   
Brand A Brand B Brand C 
  
 
(e) Black pepper   







(f)Cloves   
Brand A Brand B Brand C 
 
  
(g) Coriander   
Brand A Brand B Brand C 




(h)cumin   
Brand A Brand B Brand C 
  
 
(i) Green cardamom   
Brand A Brand B Brand C 







Brand A Brand B Brand C 
 
  
(k)Turmeric   






(l) Thyme   
Brand A Brand B Brand C 
 
  
(m)White pepper   
Brand A Brand B Brand C 




(n) Rosemary   
Brand A Brand B Brand C 
   
(o)Safflower   









Brand A Brand B Brand C 






Appendix 15 GC/MS chromatograms of herbs and spices. 
(a) Ajowan   
Brand A Brand B Brand C 
   
(b)Basil   
Brand A Brand B Brand C 




(d) Black cardamom   




(e) Black pepper   


















(f)Cloves   
Brand A Brand B Brand C 
  
 
(g) Coriander   






(h)cumin   




(i) Green cardamom   
Brand A Brand B Brand C 




(j) Nutmeg   
Brand A Brand B Brand C 
   
(k)Turmeric   







(l) Thyme   
Brand A Brand B Brand C 
  
 
(m)White pepper   
Brand A Brand B Brand C 
   













(n) Rosemary   
Brand A Brand B Brand C 
  
 
(o)Safflower   
Brand A Brand B Brand C 
















Appendix 16 The application of 97.5% Hotelling T2 with PCA  to detect outliner for 









 (d) Black cardamom 
 





















































Appendix17  The application of 97.5% Hotelling T2 with PCA  to detect outliner for 









(d) Black cardamom 
 


















































Appendix 18 Mean, standard deviation  and relative standard deviation of the NMR and GC/MS data of herbs and spices. 
 






















Ajowan A 1.62E+10 4.69E+08 2.90 9.07E+08 7.49E+06 0.83 
 
B 1.58E+10 7.03E+08 4.45 7.61E+08 8.89E+06 1.17 
 
C 1.10E+10 9.53E+08 8.70 7.60E+08 2.82E+07 3.71 
Basil A 1.40E+10 7.32E+08 5.23 7.13E+08 1.03E+07 1.45 
 
B 1.48E+10 1.00E+09 6.79 7.42E+08 1.31E+07 1.76 
 
C 1.34E+10 3.49E+08 2.60 7.20E+08 1.16E+07 1.61 
Black 
cardamom A 1.18E+10 4.19E+08 3.54 1.36E+09 5.27E+07 3.87 
 
B 1.28E+10 9.82E+08 7.70 1.36E+09 5.27E+07 3.87 
 
C 1.48E+10 1.33E+09 8.99 1.36E+09 5.27E+07 3.87 
Black pepper A 1.37E+10 1.05E+09 7.70 1.05E+09 5.26E+07 5.03 
 
B 1.70E+10 1.35E+09 7.94 1.14E+09 3.15E+07 2.77 
 
C 1.01E+10 9.07E+08 8.96 9.81E+08 2.55E+07 2.60 
Cloves A 1.29E+10 6.95E+08 5.38 1.08E+09 1.90E+07 1.77 
 
B 1.31E+10 7.05E+08 5.38 1.05E+09 2.76E+07 2.64 
 
C 9.52E+09 4.23E+08 4.44 9.62E+08 1.68E+07 1.74 
Coriander A 1.46E+10 1.11E+09 7.60 6.45E+08 1.14E+07 1.76 
 





C 1.43E+10 6.90E+08 4.84 6.32E+08 2.37E+07 3.75 
Cumin A 1.29E+10 6.41E+08 4.97 9.28E+08 2.20E+07 2.38 
 
B 1.04E+10 4.84E+08 4.63 8.32E+08 2.02E+07 2.43 
 
C 1.49E+10 8.89E+08 5.95 7.99E+08 1.28E+07 1.60 
Green 
cardamom A 1.32E+10 8.80E+08 6.68 1.21E+09 3.97E+07 3.29 
 
B 1.34E+10 1.24E+09 9.21 8.34E+08 3.90E+07 4.68 
 
C 1.24E+10 1.12E+09 9.03 1.36E+09 5.27E+07 3.87 
Nutmeg A 1.91E+10 8.35E+08 4.36 1.52E+09 4.96E+07 3.27 
 
B 1.69E+10 5.54E+08 3.27 2.26E+09 1.39E+08 6.16 
 
C 1.48E+10 1.15E+09 7.76 2.32E+09 1.61E+08 6.95 
Turmeric A 9.96E+09 5.33E+08 5.35 1.00E+09 5.39E+07 5.37 
 
B 1.56E+10 5.85E+08 3.75 1.11E+09 1.54E+07 1.38 
 
C 1.06E+10 8.64E+08 8.13 1.11E+09 9.91E+07 8.91 
Thyme A 1.38E+10 1.21E+09 8.76 7.64E+08 1.19E+07 1.55 
 
B 1.35E+10 9.58E+08 7.09 7.09E+08 7.71E+06 1.09 
 
C 1.70E+10 7.77E+08 4.58 6.87E+08 1.41E+07 2.05 
White pepper A 1.39E+10 7.14E+08 5.12 7.79E+08 4.18E+07 5.37 
 
B 1.55E+10 9.34E+08 6.04 8.10E+08 2.43E+07 3.01 
 
C 1.06E+10 5.75E+08 5.45 7.22E+08 2.73E+07 3.78 
Rosemary A 1.04E+10 3.34E+08 3.20 6.29E+00 2.42E+00 38.49 
 
B 1.04E+10 4.24E+08 4.09 7.21E+00 2.03E+00 28.16 
 
C 1.10E+10 6.75E+08 6.16 7.64E+00 1.42E+00 18.58 
Safflower A 1.22E+10 1.05E+09 8.61 8.43E+08 7.69E+06 0.91 
 
B 1.32E+10 1.23E+09 9.38 1.08E+09 1.45E+07 1.35 
 




Saffron A 1.25E+10 1.09E+09 8.73 6.66E+08 4.07E+06 0.61 
 
B 1.50E+10 1.00E+09 6.67 7.06E+08 3.81E+07 5.40 
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